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ABSTRACT

Geospatial point annotations collected during field surveys often suffer from posi-
tional displacement due to GPS inaccuracy and environmental constraints, limit-
ing their utility for downstream applications. Traditional alignment methods rely
on multi-temporal imagery or task-specific training, restricting their practical ap-
plicability. We propose a simple approach that leverages foundation vision models
to correct displaced annotations through semantic similarity matching. A semantic
reference is constructed from a small set of annotated examples of the target class,
and for each displaced point, we define a search region to identify the location with
highest similarity to the reference set using embeddings from a feature extractor.
We evaluate our method on a forestry dataset from the Amazon rainforest contain-
ing annotations for over 50 tree species. Linear probing experiments demonstrate
that models trained on corrected annotations significantly outperform those trained
on original displaced data, and qualitative analysis shows that corrections consis-
tently shift points from background regions to target class. By requiring only a
small set of reference examples and no retraining, our method provides a practical
solution for improving geospatial annotation quality in field-based surveys.

1 INTRODUCTION

Geospatial data mapping plays a fundamental role in a wide range of environmental and ecological
applications, such as forest inventory generation, biodiversity monitoring (Alvarez-Martinez et al.,
2026), and natural resource management (Sharma et al., 2024). In many of these scenarios, data
acquisition does not follow the traditional remote sensing pipeline in which aerial or satellite im-
agery is first collected and subsequently annotated. Instead, image acquisition is often performed
in parallel with field surveys, where ground agents, typically domain specialists such as botanists,
identify objects of interest in situ and register their locations using handheld GPS devices. These
annotations are commonly represented as geospatial points corresponding to objects like individual
trees and their respective species.

Despite being widely adopted, this field-based annotation process introduces a source of error. GPS
devices frequently suffer from limited positional accuracy, and environmental constraints often pre-
vent surveyors from positioning themselves exactly at the target object. As a result, the recorded
point annotations are systematically displaced from their true intended locations in the imagery, we
refer to this phenomenon as geospatial data displacement, and it significantly degrades the quality of
the resulting datasets. In practice, even small spatial offsets can make these point-based annotations
unreliable for downstream tasks (Kim et al., 2025), such as statistical analysis and the training of
machine learning models (Chan et al., 2025), where precise spatial correspondence between image
content and annotations is essential.

Several approaches have been proposed to correct spatial displacement in geospatial data, however,
they present notable limitations. Most approaches either rely on multi-temporal image series of
the same region (Duan et al., 2020) or require training task-specific networks on the target dataset
(Vargas-Munoz et al., 2019), which restricts their applicability in many practical field survey set-
tings. In this work, we propose a methodology for aligning geospatially displaced point annotations
that does not require temporal data or additional training and instead leverages foundation vision
models to guide the alignment process. The core idea is to guide the correction process using a
semantic reference derived from a small set of examples that characterize the target class to be cor-
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Figure 1: Overview of the proposed alignment pipeline. The figure is organized into steps (a)–(e),
from reference selection and query embedding construction to search-space extraction and point
correction.

rected, referred to as the query. Foundation vision models are used to extract semantic embeddings
from these reference examples and from image regions around each displaced point, defined as the
search space. By comparing these embeddings, we identify the location within the search space that
is most semantically consistent with the reference, thereby repositioning the original misaligned
point based on visual similarity rather than temporal information or task-specific patterns.

We evaluate the proposed methodology in the context of forestry monitoring using a private dataset
provided by a governmental environmental agency in the Amazon region, which is employed to
monitor more than 50 tree species in forest areas granted for selective logging in the Amazon rain-
forest. The dataset is particularly rich in terms of species diversity, spatial coverage, and annotation
density, however the geospatial displacement currently limits its effective use. Correcting these mis-
alignment not only provides a real-world demonstration of the effectiveness of the proposed method
but also unlocks the potential of this dataset for a wide range of future studies.

2 METHODOLOGY

Our methodology was applied to the Amazon dataset, composed of multiple raster files covering
approximately 6000 hectares of the Amazon rainforest and point annotations of individual trees and
their species labels, which are misaligned with the underlying imagery. In our experiments, we focus
on correcting annotations belonging to the Shihuahuaco class, which represents the most frequent
species in the dataset. While the pipeline is described for a single class, it can be iteratively applied
to other classes in a multi-class setting.

The proposed alignment strategy relies on constructing a robust semantic reference for the target
class. Since no subset of annotations in the dataset can be assumed to be spatially accurate, a small
set of reference samples was manually annotated with precise mask delineations. Given that, in
our domain, tree species exhibit significant phenological variation over time, resulting in noticeable
changes in visual appearance, the reference samples were selected to adequately capture this vari-
ability, ensuring that the semantic reference provides a complete representation of the target class.

To extract semantic representations from the reference samples, we employ DINOv3 (Siméoni et al.,
2025) as the feature extractor, following recent work demonstrating its strong performance in learn-
ing rich visual representations (Malaisree et al., 2025). Although we use DINOv3 in this work, the
same pipeline can be instantiated with any feature extractor capable of producing semantic repre-
sentations that are discriminative for the target domain and task. In standard usage, DINO produces
a single global embedding per image, however, our goal is to extract embeddings from specific re-
gions of the image. We therefore extract the intermediate patch-level feature map before the global
pooling stage, where each patch embedding encodes localized semantic information. As illustrated
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It may be appropriate to include the scientific name of Shihuahuaco at its first mention in order to ensure greater taxonomic precision.
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Comentario en el texto
It would be helpful to provide a more detailed description of the reference subset used in the study. In particular, the manuscript could specify: (i) the number of crown samples included, (ii) the spatial resolution of the orthomosaics and the acquisition dates considered, and (iii) the degree of phenological variability represented within the sample.

Additionally, a brief description of the protocol followed for manual crown delineation (e.g., boundary criteria, handling of shadows or overlapping crowns, number of annotators, etc.) would be valuable, as the quality of these masks forms the foundation of the semantic reference used by the model.
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It may be worth considering the inclusion of a brief “Operational Context” subsection within the methodology, aimed at describing the characteristics of coordinate acquisition in field conditions. In particular, it would be helpful to clarify the protocol followed during field measurements (for example, GPS stabilization procedures and recording of horizontal precision).

Additionally, incorporating examples of real-world situations that may generate positional displacement—such as large trees within dense understory, trees located on steep slopes, or signal interference under closed canopy—would allow for a more explicit linkage between the algorithm’s methodological design and the operational conditions that give rise to the problem.

This additional context would strengthen the interpretation of the geospatial displacement addressed in the study and provide greater clarity regarding the nature of the positional uncertainty that the method seeks to correct.
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It is important to clarify that the displaced points analyzed in this study correspond to forest inventory coordinates collected by concession holders, rather than measurements obtained by OSINFOR supervisory teams. However, the census datasets used in this analysis originate from concessions included in OSINFOR’s “Green List” and comply with the requirement that at least 90% of the supervised trees (sampled from the census) are located within a 50-meter range of the position reported in the inventory.

In supervisory contexts, a GPS stabilization protocol is typically followed, and the horizontal precision reported by the device is recorded. Under favorable canopy conditions, this precision may reach approximately 3–4 meters.
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in Figure 1-c, for each manually annotated reference image, embeddings are collected only from
patches that fall within the annotated mask regions and are subsequently averaged to obtain a single
representative embedding per reference instance. These embeddings, referred to as query embed-
dings, form the semantic reference for the target class.

For each displaced point annotation belonging to the target class, we define a spatial region where
the true object is expected to lie, which we refer to as the search space. In our setting, the search
space is defined as a circular neighborhood with a 50-meter diameter around the original point
annotation, consistent with typical positional uncertainty in field surveys. As illustrated in Figure 1-
d, a georeferenced image crop covering this region is extracted for each displaced point and serves
as the input for the alignment procedure. Within each search space crop, we extract patch-level
embeddings using the same feature extractor.

For the alignment process, as illustrated in Figure 1-e, we compute similarity maps by measuring
cosine similarity between each query embedding and the patch embeddings in the search space, al-
lowing each reference example to independently vote for visually consistent regions and generating
N similarity maps per search space image, where N equals the number of reference examples in the
query set. To combine evidence from all query embeddings, the similarity maps are aggregated by
summation, emphasizing locations that are consistently supported across references. The aggregated
heatmap is then smoothed using a Gaussian filter to suppress isolated responses and consolidate spa-
tially coherent regions. Finally, the location with the highest similarity score is selected as the new
corrected position for the displaced point annotation.

3 RESULTS AND DISCUSSION

Evaluating the effectiveness of the proposed alignment method is inherently challenging due to
the lack of a large, reliably aligned ground-truth set. As a result, we assess the proposed method
using indirect evaluation strategies based on downstream learning performance and qualitative visual
inspection.

3.1 QUANTITATIVE EVALUATION

To quantitatively assess the impact of the proposed correction, we employ a linear probing experi-
ment in which two classifiers are trained under identical conditions using different training datasets.
In both cases, the task is to distinguish the Shihuahuaco class from all other species using image
patches extracted around point annotations. The two training datasets differ only in how the positive
samples are generated. In the first case, patches corresponding to Shihuahuaco are extracted from
the original, displaced point annotations, while in the second case they are extracted from the cor-
rected point annotations produced by our method. Negative samples corresponding to other species
are identical in both training sets. Both classifiers are evaluated on the same validation set, which
consists of a newly annotated small subset of data created specifically for validation and not used
during either the correction process or training.

The model trained using corrected annotations consistently outperforms the model trained on the
original displaced data, as shown in Table 1. Showing a big improvement in all metrics, with the
F1-Score improving from 74% to 85%. This result indicates that the corrected positive samples are
more visually and semantically consistent with the target class after the alignment process, leading
to more discriminative features for classification.

3.2 QUALITATIVE ANALYSIS

Qualitative results shown in Figure 2 further support the previous findings, illustrating representa-
tive cases before and after correction. In several examples (Figure 2-a and b), corrected annotations
successfully shift from background regions to the target tree crown. Moreover, points initially lo-
cated near crown boundaries tend to move toward the center of the canopy (Figure 2-c), suggesting
improved spatial positioning and removal of points from semantically irrelevant areas.

However, the independent evaluation of each point reveals an inherent limitation of the proposed
approach. In cases where two or more displaced points have overlapping search spaces and multiple
target objects of the desired class exist within this shared region, the method may assign both points
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In OSINFOR’s operational context, a search radius of up to 50 meters (equivalent to a 100-meter diameter) is commonly considered for the field verification and satellite-based analysis of individual trees, in accordance with inter-institutional Peruvian protocols for the evaluation of timber species. This operational reference could be briefly mentioned to contextualize the value adopted in the study.

Nevertheless, considering that Shihuahuaco is characterized by large crowns (with some individuals reaching approximately 14–19 meters in crown radius), it may be worthwhile to evaluate the sensitivity of the method to different search radii. A comparative analysis using values such as 25 m, 30 m, 35 m, 45 m, and 50 m would help assess whether the model’s performance is robust to variations in search-space size and whether an optimal radius exists from a geospatial perspective.
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-the exact size of the validation set;
-the criteria used for its selection (for example, random, stratified, or area-based sampling);
-and whether this subset is geographically independent from the reference set used to construct the semantic reference.
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From an operational standpoint, the modification of inventory coordinates carries important implications for institutional data management. The manuscript (for example, in the Discussion section) could clarify how original and corrected coordinates are handled within the dataset.

Preserving traceability between the original and adjusted positions is important to ensure transparency and reproducibility, particularly in contexts where the data may be subject to regulatory review or auditing processes.
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The current evaluation is based on downstream classification performance (linear probing). While this approach demonstrates an improvement in the semantic consistency of the corrected samples, it does not directly quantify the spatial accuracy of the correction.

It may be worthwhile to consider incorporating direct spatial validation metrics, such as:

-the average point-to-crown centroid distance before and after correction;
-the percentage of points falling within the delineated crown polygons;
-or spatial overlap metrics (e.g., Intersection over Union computed using small buffers around each point).
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Table 1: Linear probing results for Shihuahuaco vs. other species when training with original (dis-
placed) annotations versus our corrected annotations. Both models use a ViT-B backbone.

Training data Backbone Accuracy Precision Recall F1

Original points (displaced) ViT-B 0.7529 0.7986 0.7526 0.7406
Corrected points (ours) ViT-B 0.8588 0.8624 0.8529 0.8587

(a) (b) (c) (d)

Figure 2: Qualitative alignment results. Original (displaced) points are shown in blue, and corrected
points are shown in red.

to the same individual tree, as illustrated in Figure 2-d. This occurs because each point is corrected
independently based solely on semantic similarity, not considering the results of the other aligments.
While this represents a failure situation of the current approach, we note that such cases are very
infrequent in our dataset and could potentially be addressed in future work through post-processing
steps.

4 CONCLUSION

In this work, we introduce a simple and effective approach for correcting geospatially displaced
point annotations based on semantic similarity using foundation models for feature extraction. Al-
though we evaluate the method on a forestry dataset, it can be directly applied to other point-based
annotation problems and domains, as long as a feature extractor capable of producing semantically
relevant representations for the domain is available.
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