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Abstract. Image-level regression is an important task in Earth observa-
tion, where visual domain and label shifts are a core challenge hampering
generalization. However, cross-domain regression within remote sensing
data remains understudied due to the absence of suited datasets. We in-
troduce a new dataset with aerial and satellite imagery in five countries
with three forest-related regression taskﬂ To match real-world applica-
tive interests, we compare methods through a restrictive setup where
no prior on the target domain is available during training, and mod-
els are adapted with limited information during testing. Building on the
assumption that ordered relationships generalize better, we propose man-
ifold diffusion for regression as a strong baseline for transduction in low-
data regimes. Our comparison highlights the comparative advantages of
inductive and transductive methods in cross-domain regression.
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1 Introduction

Distribution shifts between the training data and testing data are ubiquitous in
computer vision. While it is generally accepted that a model trained on suffi-
cient data has some ability to generalize to new target data, in practice visual
variations induce significant performance drops [3].

A good example can be found in vegetation mapping and monitoring tasks.
Biodiversity monitoring, carbon tracking, resource management, and food secu-
rity analysis heavily depend on a regular assessment of forest resources through
important parameters such as tree counts or height. A practical solution is to
train image models to regress such values from satellite or aerial imagery [7}28].
However, models trained on remote sensing imagery are usually limited to one
area and perform poorly on others, due to different spectral ranges, ground res-
olutions, or visual patterns [34,47./49].
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Fig.1: Vegetation regression across countries. We hypothesize that order relations
generalize better through visual and label domains than direct regression. Predicting
tree counts directly requires domain-specific knowledge about local species, whereas
predicting ordered chains remains intuitively easy.

Data availability and downstream applications define the scope of models
(regional — national — continental ), but they don’t necessarily match
the visual and semantic domains defined by biomes and environmental condi-
tions. Intuitively, a model trained on a dataset should perform relatively well on
datasets that are spatially close and visually similar, although it remains unclear
to what extent.

To better assess generalization performance and go towards universal models
that can be trained in countries with high data availability and applied to any
country without prior knowledge or retraining, we introduce the DRIFT dataset
for universal, low-data domain-adaptive regression.

Building on recent advances in order learning, we hypothesize that order
relationships generalize well across domains (Fig. [1f). We enforce a well-ordered
embedding space in the source domain, then adapt to target domains in low-
data setups. Notably, this strong regularization during training does not hamper
source-domain performance and creates a clean embedding space to propagate
similarities at test-time, which opens the way for advanced low-data inference
in the form of manifold diffusion. Our contributions are as follows:

— We publish a large-scale dataset across five countries in Europe for domain-
adaptive regression, using both aerial and satellite imagery, with a panel of
tasks related to forest monitoring.

— We compare inductive and transductive methods across datasets and tasks,
in a low-shot source-free domain adaptation setup. We show that transduc-
tive methods have an advantage when the domain gap becomes predominant.

— We introduce a simple but effective baseline for domain-adaptive regression.
We propose a generalization of graph diffusion, a common technique for semi-
supervised classification, to image-level regression. Our experiments demon-
strate the applicative potential and superiority over common baselines.
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2 Related Work

2.1 Order Learning

The seminal work of |32] introduced order learning as an alternative to direct
regression, with the motivation that in certain cases, it is easier to compare
images (this person is older than this other person) than to associate them
independently with a scalar. Subsequent works built on this idea with iterative
predictions [42], partial ordering [23] and further constraints on the geometry of
the embedding space |24]. Our work builds on the latter. In a cross-domain setup,
we hypothesize that the highly constrained embedding space with geometric
constraints in the source domain generalizes better to other domains.

2.2 Cross-Domain Regression

Existing works have tackled domain adaptation through three main setups, de-
pending on the available information about the target domain.

Unsupervised Domain Adaptation trains on unlabeled images of the target
domain. Some works have focused on aligning features of the source and target
domain with dedicated mechanisms to limit scale 8] or embedding structure [37]
shifts, so that the regressor maintains its performance on the target domain.
Adversarial training [35] has been proven effective as a tool to learn a domain
shift metric.

Semi-Supervised Domain Adaptation, in contrast, assumes that some labeled
images are available in the target domain. A common approach is to weight train-
ing points to minimize the performance gap [48], or as a form of boosting [39].
Few-shot domain adaptation can be considered a special case of semi-supervised
adaptation, where the number of target domain labeled samples is very lim-
ited. A good example is the work of Teshima et al. |[46], where authors generate
synthetic target domain samples with the assumption that generative modeling
offers more invariance.

These setups have limited applicability in many real-world problems due to
the fact that utilizing labeled or unlabeled data from the target domain during
training requires specific training for each target domain.

Source-Free Domain Adaptation removes the liberty of modifying the source
domain training phase, which is not always possible in real settings. Models are
only adapted at test-time, when applied on the target domain. In the context
of image classification, the popular SHOT [31] method introduced information
maximization and self-supervised learning as promising ideas for label-free target
domain fine-tuning. If a few labeled samples are available, simple fine-tuning on
the target domain with suited regularization remains a strong baseline [25|. We
are not aware of works exploring this for regression.

Here, we aim at building a model that can be quickly adapted to any target
domain, without any prior knowledge of that domain. As such, we prepare the
model for generalization on the source domain, only with source domain data.
At test-time, we explore low-data configurations, with very limited information
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available on the target domain for quick adaptation. This setup has been la-
beled as universal source-free domain adaptation [21]| in the context of
classification.

2.3 Image-Level Regression in Earth Observation

The increasing availability of vast and diverse collections of remote sensing im-
agery and datasets presents both opportunities and challenges for computer vi-
sion tasks. To date, most works utilizing remote sensing imagery focus on image
classification and semantic segmentation [2,/4}/40]. For example, to count trees,
some works rely on the detection of individual trees [5[26], but manual an-
notation relies on expert knowledge and is extremely time-consuming. Given
the variations in ground resolution, image quality, and geographic areas, small
objects and occlusion phenomena can make exhaustive annotation virtually im-
possible. Other labels on woody biomass or canopy height cannot be manually
labeled. Therefore, labels often have to be sourced from field measures [9,30], or
derived from low-resolution dedicated sensors such as GEDI [13}22], and remain
noisy due to the varying viewing angles, technical inaccuracies in positioning sys-
tems |15] or temporal mismatch [6,/45]. As such, accurate labels are often found
at a lower resolution than the ground resolution of the image. This makes image-
level regression a core task in computer vision for Earth observation, as it offers
a way to directly predict the information at the available resolution [7,[12]. To
our knowledge, there is no existing dataset for cross-domain image-level regres-
sion using sub-meter resolution remote sensing imagery (Supplementary Tables
2 and 3).

3 DRIFT: Domain-Adaptive Regression for Forest
Monitoring across Countries

We introduce the DRIFT dataset (Domain-adaptive Regression for Image-level
Forest moniToring), including 25k images in five European countries from aerial
and nanosatellite imagery, with three target variables to predict for each image:

1. Canopy height: average height value for pixels containing woody vegetation.

2. Tree count: number of overstory (visible from an overhead perspective) trees
in the images.

3. Tree cover fraction: percentage of the image being covered by overstory tree
crowns.

Dataset Collection. We built the dataset from national aerial orthophotog-
raphy with various ground sampling distances (GSD) for Denmark (DK), Spain
(SP), France (FR), and Slovakia (SK). All aerial images contain three spectral
channels: Red (R), Green (G), and Blue (B). For Slovenia (SI), we used very
high-resolution satellite imagery from commercial nanosatellites (SkySat). We
acquired the orthorectified surface reflectance products at a spatial resolution of
50cm. Characteristics of each subset in the DRFIT are summarized in Table [Il
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Refer to Supplementary section 1 for extended details regarding the dataset
curation, data origins, and visual examples.

Table 1: DRIFT Dataset characteristics. GSD and Height in meters, Cover in percents.

Country # Images Patch size Sensor GSD Timeframe Height Iéiﬁii Cover
Denmark 13094 200 aerial 0.2 2018 [0;38] [0;192] [0;100]
France 10298 250 aerial 0.2 2018-20  [0;28] [0;204] [0;100]
Slovakia 3129 250 aerial 0.2 2021 [1,38] [0;148] [0;100]
Spain 1150 200 aerial  0.25 2020 [0;29] [0;135] [0;100]
Slovenia 1903 100 satellite 0.5 2021 [0;36] [0;91] [0;100]

Dataset Annotation. Aerial LiDAR is an accurate source of 3D structure in-
formation to characterize trees across various landscapes [19[20,/50]. With the
high-resolution height information, trees can be separated from other objects
and measured in height and crown width. We first rasterized the LiDAR data
to Canopy Height Models (CHMs), where each pixel indicates the top height
of vegetation at this location, if there is any. Image-level canopy height was
calculated by averaging all non-zero height values in the image, and tree cover
fraction was extracted with 5-meter height thresholding to aggregate areas cov-
ered by vegetation taller than 5m [1]. Regarding tree counts, we used a public
imagery-based tree counting model for Denmark, which was trained using point
supervision with 22k tree annotations |27]. For the rest, we processed CHMs
to extract tree crown centers with local peak identification over a sliding win-
dow with adaptive size [41]. CHMs were preprocessed with a conditional filter
for higher separability of low foliage or artifacts [9]. We adjusted image-level
counts with linear correction. All hyperparameters were fit on a small labeled
set ( 1k trees) for each country, and we report the 3-fold R? score on random
train/validation splits for correction in Supplementary Table 1.

Challenges. The DRIFT dataset includes significant shifts between label and
visual distributions (see Fig. [2) due to sensor and area differences (see distri-
bution of biomes in Supplementary Fig. 2). Moreover, within a tree species, in-
dividuals can exhibit different behaviors depending on their direct environment
and living climate, which introduces concept drift: visually similar trees can vary
in height [18]. Such variations can also be influenced by sensor properties such
as the viewing angle.

Label Shift. The DRIFT dataset exhibits a substantial shift in label distribu-
tion across countries. We plot the label shift in Fig. [3| between all possible pairs
of annotation subsets in DRIFT.

Regression Tasks. Canopy height, tree count, and tree cover heavily depend
on tree species, local climate, and landscape characteristics. Height prediction
from optical images is inherently challenging due to limited visual clues about
depth from an aerial viewpoint, especially if the ground is not visible, but it
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Fig.2: Challenging examples in the DRIFT dataset: despite similar visual content,
images can have di erent values in the label space. More visual examples can be found
in Supplementary Fig. 1.

Fig. 3: Label shift varies across countries and tasks. We plot Wasserstein distances
between label distributions in country subsets to indicate the level of label shift.

has been shown possible using satellite imagery [22, 33]. Counts depend on the
model's interpretation of individual crowns, which is subject to extreme vari-
ations even within a species [18]. Cover fraction is intuitively the easiest, as
the model only needs to separate trees from background pixels. The di culty
depends on the level of similarity between short vegetation € 5m) and trees.

Proposed Splits.We propose to use two countries (Denmark and France) with
abundant high-quality CHM data as source domains for training. For testing, we
apply models on three countries (Slovakia, Slovenia, Spain) representing di erent
target domains. The Slovenia subset allows a comparison with another type of
sensor (nanosatellites), and the Spain subset introduces a much drier ecosystem
compared to the others. The France and Denmark subsets have di erent label
distributions (Fig. 3), which introduces variation in the comparison of models
trained on them.

Evaluation. We propose an evaluation framework for DRIFT that follows
common constraints and represents real-world application contexts. First, we
consider that no knowledge about the target domain is available during train-
ing. A model that can generalize to multiple areas is more valuable than models
that are speci ¢ to a source/target dataset combination. As such, there is a high
interest in going towards "universal* models that do not build on assumptions
about their target domain. In a real-world scenario, a model that reached high
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Fig. 4: Overview of our universal, source-free domain adaptation framework. The fea-
ture extractor (and linear layer for inductive regression) is trained on the source domain
Ds during the Procurement stage, then applied on the target domain D; during the
Deployment stage. We do not use any prior regarding the target domain when train-
ing on the source domain, and do not assume su cient data is available for training
on the target domain. On the target domain, a few labeled examples are available to
calibrate or ne-tune inductive methods, and support our proposed manifold di usion
for regression (MDR), a transductive approach.

performance on its source domain will be archived and considered for gener-
alization, preferably with no or little supporting information about the target
domain, and no retraining. Second, we consider that some knowledge about
the target domain can be accessed at test-time. Following the terminology in-
troduced in [21], we propose to follow a setup of universal source-free domain
adaptation for regression, in two stages. In the Procurement stage, or source
domain training, models are trained and prepared for generalization. During the
Deployment stage, or target domain testing, models are adapted using a few
labeled examples. In the following, we refer to this setup a¥N -shot adaptation.

4 Method

We explore the potential of ordered embeddings and simple transductive learning
on the cross-domain challenges of the DRIFT dataset (see Fig. 4). We train the
embedding extractor on the source domain, using geometric order learning to
enforce structure. We extract embeddings on the target domain, and perform
adaptation for regression using a few labels. Optionally, we re ne predictions to
take into account local and global manifold structure with di usion.
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