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Abstract

This work presents the official submission of the team ANDREAMENCOTOVAR, hereafter referred to as Ver-
baNexAI Lab, through a hybrid pipeline for multi-label plant species prediction at the quadrat level in PlantCLEF
2026. The proposal combines multiview visual inference with DINOv2, global prototype-based retrieval, and
site-date ecological consensus in order to integrate local visual evidence, global similarity, and community
context. Unlike direct classification of the full image, the system decomposes each plot into complementary
views and consolidates predictions through adaptive species selection and conservative post-processing. In the
official evaluation, the method achieved an F1 score of 0.33106 on the public set and 0.32980 on the private set,
ranking 28th and 27th, respectively, among 103 participants. The results show that combining visual evidence
and ecological structure improves the coherence of species lists in complex multi-species scenarios.
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1. Introduction

Ecological monitoring is an essential tool for understanding ecosystem dynamics and guiding con-
servation strategies. Among the most widely used methods are vegetation inventories, which enable
biodiversity assessment through standardized sampling and long-term monitoring. These inventories
have provided key information for environmental management and evidence-based decision-making.
However, traditional methods based on visual species identification present significant limitations,
as they require substantial time investment and the involvement of highly trained specialists, which
restricts the frequency and coverage of ecological studies [1, 2, 3].

The incorporation of artificial intelligence (AI) techniques offers a promising alternative to overcome
these restrictions by facilitating automatic species identification and expanding study coverage [4, 5,
6]. In recent years, platforms such as Pl@ntNet and iNaturalist have demonstrated the potential of
citizen participation in generating and annotating botanical observations, enabling the identification
of individual species from isolated photographs and fostering the large-scale collection of data by
experts and non-experts [7, 8]. Nevertheless, the simultaneous identification of multiple species in
high-resolution plot images remains a considerable technological challenge. Deep learning models
require large annotated datasets, but there is a marked disparity between training images—generally of
individual plants with single labels—and ecological plot images, which reflect complex floristic contexts
such as those of the Pyrenean and Mediterranean flora. This difficulty calls for the development of
robust models capable of performing multilabel classification in diverse ecological scenarios [9, 10, 11].
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Within this framework, the PlantCLEF 2026 challenge focuses on multilabel prediction of plant
species in high-resolution quadrat images [12, 13]. The proposed task seeks to advance the ability of
computer vision models to recognize multiple species in complex ecological contexts, contributing to
the development of more efficient and scalable monitoring systems. The evaluation is based on metrics
such as sample-wise macro F1, which balances precision and recall, avoiding both overprediction and
underprediction. This approach ensures a fair comparison between methods and promotes solutions
applicable to real-world ecological monitoring scenarios.

This manuscript describes our participation in the PlantCLEF 2026 challenge, detailing the method-
ology employed and the results obtained. Our approach is based on the use of deep learning models
and inference strategies adapted to the complexity of plot images, with the aim of contributing to
the advancement of ecological monitoring systems that are more efficient, scalable, and capable of
supporting biodiversity conservation across different floristic contexts.

2. Related Work

Several studies have demonstrated the usefulness of vegetation plot inventories for assessing biodiversity
and guiding conservation strategies [1, 7, 8]. However, the literature consistently points out that these
methods have important limitations related to the time required and the need for specialized experts
[6]. The application of artificial intelligence techniques has been explored in multiple works as an
alternative to overcome these restrictions. Platforms such as Pl@ntNet and iNaturalist have been widely
documented in the literature, showing how citizen science can contribute to generating large volumes
of data and to identifying individual species [4, 11]. Nonetheless, most of these approaches focus on
isolated images of plants, which limits their applicability in complex ecological contexts.

The PlantCLEF 2024 and 2025 overviews show a consistent pattern in which competitive approaches
tend to combine strong visual extractors—often pretrained Transformers—region-based inference
mechanisms to capture local signals in large images, and ensembles to increase the coverage of the
predicted species set. In particular, tiling-based solutions—splitting the image into tiles and aggregating
predictions—appear as a direct response to the scene-dense nature of the test set, where small species
may occupy a minimal fraction of the full image. This idea is reflected both in general descriptions of
the challenge and in technical reports from participants [1, 2, 3].

In this context, adopting self-supervised backbones is a natural choice because they provide more
transferable visual representations under distribution shifts. A widely used architecture is DINOv2,
designed to produce robust “all-purpose” features and, therefore, used as a foundation for adapting
to new tasks with less dependence on exhaustive labeling. In PlantCLEF, there are proposals that use
DINOV2 to extract embeddings and then perform multilabel classification with tile-based inference and
aggregation, reporting that this combination helps scale processing and recover species that do not
visually dominate the frame. Complementarily, multi-head architectures have also been explored to
incorporate taxonomic hierarchy and auxiliary signals to stabilize prediction when the visual evidence
per species is weak or partial, which is frequent in quadrats with occlusion and co-occurrence [5, 14].

Recent evidence suggests that multi-species identification in vegetation plots requires integrating
global and local signals to mitigate domain shift and the strong scale variation inherent to dense scenes.
In this setting, tile-based aggregation and the use of self-supervised representations emerge as key com-
ponents for expanding species coverage, while ensembles make it possible to exploit complementarity
across models and reduce omissions in the predicted set. Likewise, multi-view schemes are justified as
pragmatic strategies to increase recall by capturing evidence that may be missed depending on framing
or the spatial distribution of species. This line of work motivates the methodological approach of the
present study, aimed at evaluating in a controlled manner how the combination of robust representa-
tions, local inference, and prediction fusion contributes to improving multilabel identification in the
PlantCLEF context.



3. Methodology

This section details the training set used, which consists of individual observations organized by species,
as well as the test set comprising multi-species vegetation plot images captured in various floristic
contexts. Regarding the architecture, described the process of image partition, data preparation for
analysis, and the mechanism used to obtain and filter the final predictions.

3.1. Dataset Description

PlantCLEF 2026 is formulated as a multi-label prediction task at the quadrat level, in which each plot
image may contain multiple plant species. This setting requires moving from a training set mainly based
on individual plant observations to an evaluation scenario composed of complex plant communities.
Consequently, the dataset requires careful organization of images, metadata, plot identifiers, and the
taxonomic catalogue in order to ensure coherent and valid predictions for each quadrat_id.

The dataset used integrates PlantCLEF training and validation images, taxonomic metadata, and a
catalogue of 7806 plant species. In the developed implementation, the data were organized through
unified manifests, path validation, species identifier normalization, and taxonomic consistency checking.
This stage made it possible to build a coherent representation of the images, their metadata, and the
quadrat_id identifiers required to generate valid plot-level predictions.

3.1.1. Training Set

The training set consists of images of individual plants from the PlantCLEF/Pl@ntNet corpus, focused
on the flora of southwestern Europe, as shown in Figure 1. According to the official organization of the
challenge, this set contains approximately 1.4 million images and covers around 7.8 thousand plant
species, complemented with reliably labelled images aggregated from GBIF for less represented species.

Figure 1: Examples of images of plant plots from the training set containing multiple species in different
floristic contexts and capture conditions.

In this work, the training set was used as a direct source for classification, and as the basis for
constructing a visual reference bank. From the training and validation images, deep representations
were extracted to generate visual prototypes for each species. This methodological decision made it
possible to transform the training corpus into a global visual memory capable of supporting the retrieval
of visually plausible species during the inference stage.

In addition, the taxonomic metadata were harmonized through a species table that includes
species_id, scientific name, genus, and family. This structure made it possible to maintain the
correspondence between the model outputs, the visual prototypes, and the official submission for-
mat. Consequently, the training set was leveraged both as a repository of labelled examples and as a
structured source for modelling visual similarity and taxonomic coherence.



3.1.2. Test Set

The test set corresponds to images of vegetation plots produced in different floristic contexts, including
Pyrenean and Mediterranean floras, as shown in Figure 2. These images represent real plant communities,
where several species may coexist within the same plot. Therefore, the prediction unit is not the
individual image or an isolated region, but the plot identifier or quadrat_id.

Figure 2: Examples of images of plant plots from the test set containing multiple species in different
floristic contexts and capture conditions.

In the developed implementation, the clean manifest of the test set included 2,105 valid images,
each associated with a unique quadrat_id. The absence of duplicates, missing paths, and identifier
inconsistencies was verified. This validation was essential to ensure that each row in the output file
corresponded exactly to an evaluable plot.

Given that the test images contain multiple species, different spatial scales, and possible regions with
partial information, each plot was processed using a multi-view strategy. For each image, full-image
views, central crops, and overlapping tiles were generated. This decomposition made it possible to
capture both the global structure of the plant community and local signals associated with small,
partially occluded species or species visually dominated by the surrounding environment.

3.1.3. Architecture

The proposed architecture is conceived as a hybrid pipeline for visual inference, prototype-based
retrieval, and ecological consensus, as shown in Figure 3. Instead of relying exclusively on direct
classification of the full image, the method integrates multiscale visual evidence, similarity to visual
prototypes, and ecological context derived from plot identifiers. This integration explicitly addresses
the domain shift between individual training images and multi-species evaluation plots, where several
taxa may appear at different spatial scales within the same quadrat.

Multiview preprocessing. Each test image was decomposed into complementary views in order to
preserve both global community-level context and local visual evidence. The generated views included
the resized full image, a central crop, and overlapping local tiles. All views were resized to 518 x 518
pixels, matching the input resolution of the visual backbone. Local tiles were extracted using a tile
size of 518 x 518 pixels and a stride of 259 pixels, corresponding to an approximate 50% overlap.
This configuration allowed the system to capture small or partially occluded species that could be
underrepresented in full-image predictions.

In addition, a lightweight vegetation-ratio estimate was computed for each view using a green-channel
dominance heuristic. A pixel was considered vegetation-like when:

G >1.05R, G >1.05B, G > 35.

The vegetation ratio was defined as the proportion of pixels satisfying this condition. This estimate
was used as an independent segmentation module and as an auxiliary weighting factor during score
aggregation and species selection.
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Figure 3: General diagram of the system workflow, showing the steps from image upload to generating
and filtering predictions by species.

Visual backbone and view-level inference. The visual core of the system was a DINOv2 ViT-Base
model pretrained for PlantCLEF, with an output space of 7806 plant species. For each generated view, the
model produced a ranked list of candidate species. The top 40 predictions per view were retained as local
visual evidence. These view-level predictions were then grouped by quadrat_id and species_id to
construct a consolidated candidate pool for each plot.

This design avoided depending on a single full-image prediction and allowed localized species
evidence to contribute to the final plot-level prediction. Therefore, species that appeared only in specific
tiles, central regions, or less dominant parts of the image could still be considered during quadrat-level
aggregation.

Quadrat-level aggregation and adaptive species selection. View-level predictions were aggre-
gated at the quadrat level by combining confidence, recurrence across views, maximum evidence, and
vegetation-weighted support. For each candidate species s, the visual aggregation score was computed
as:

Sy = (0.50 - B +0.25 - pI'** 4 0.15 - p¥9 + 0.10 - f5 + bs) - As,

where pi represents the mean of the highest view-level scores for species s, p*** is the maximum
score observed across views, ps "’ is the vegetation-weighted score, f; is a frequency-based support
term, and b is a contextual bonus assigned when the species was supported by global or central views.
The penalty factor \s was used to reduce the effect of weak isolated detections; specifically, species
appearing in only one view with p7'** < 0.30 were penalized.

The initial number of predicted species was determined using an adaptive K strategy. This strategy
considered the global vegetation ratio of the quadrat, the relative score with respect to the top-ranked
species, the minimum absolute score, the number of supporting views, and the frequency of occurrence
across views. The adaptive selection was designed to avoid both underprediction in dense quadrats and
overprediction in visually simpler plots.



Prototype-based visual retrieval. To complement the classifier-based ranking, a prototype-based
retrieval mechanism was incorporated. DINOv2 embeddings were extracted from training and validation
reference images. The embeddings were L2-normalized before prototype construction. For each species,
a visual prototype was computed as the mean of its normalized embeddings, followed by a second L2
normalization. Since both test embeddings and species prototypes were normalized, similarity was
computed using the dot product, equivalent to cosine similarity.

Two retrieval levels were used. First, a local prototype-based re-ranking stage was applied to species
already present in the visual candidate pool. For this stage, up to 24 reference images per candidate
species were used, balancing training and validation examples when available. Second, a global prototype
recovery stage was constructed over the full catalogue of 7806 species, using up to six reference images
per species. This global stage expanded the search space and allowed the system to recover visually
plausible species that were not sufficiently ranked by the direct classifier.

For global retrieval, the top 80 prototype matches per view were retained and aggregated at the
quadrat level. The global retrieval score for species s was computed as:

Gs = 0.40 - 5imiP5 +0.25 - sim™ 4 0.20 - 5im?“? 4 0.10 - sim™" 4 0.05 - 7,

. toph . e s . . . .
where simg"" is the mean similarity among the best view-level matches, sim™ is the maximum

similarity, sims“ is the vegetation-weighted similarity, simm"
supporting views, and r; is a rank-based term. The top 300 global candidates per quadrat were retained

for subsequent re-ranking and contextual refinement.

is the average similarity across

Site-date ecological consensus. The final post-processing layer incorporated ecological consensus
by exploiting the structure of the quadrat_id identifiers. When possible, quadrats sharing site-date
information were grouped together, under the assumption that ecologically related plots may share
part of their species composition. Within each group, recurrent species were reinforced only when they
had sufficient visual or prototype-based support.

For each ecological group, a consensus score was computed by combining evidence from previous
prediction stages, reciprocal-rank information, visual ranking, and prototype-based retrieval. The
ecological consensus score for species s was defined as:

E, = 0.28:¢7"°440.20-ws"40.14-7734+0.12-¢24% 40.10-53°"¢4-0.08-¢¥1°041 1-0.06- g 5" +0.02-r9'%

S S

where qfred represents the frequency of the species in previous predictions within the ecological
57¢ summarizes weighted support from different prediction sources, rr; is a reciprocal-rank

group, w;
term, qbase is the frequency in the base visual candidates, b3°°"¢ is the normalized classifier score, qJ lobal
score

S
is the frequency in global prototype candidates, g;
r9'°bl i the global rank score.

The scalar weights used in the aggregation scores (S_s), (G_s), and (E_s), as well as the thresholds used
in the green-channel vegetation heuristic, were empirically defined through preliminary development
runs and qualitative inspection of the prediction behavior. They were not obtained through an exhaustive
hyperparameter optimization procedure. The weights were selected to prioritize the strongest visual
evidence while keeping prototype-based retrieval and ecological consensus as complementary and
conservative sources of support. Similarly, the RGB rule was used as a lightweight green-dominance
heuristic to estimate vegetation-like pixels, rather than as a trained segmentation model. Once selected,
these values were kept fixed for the final submission.

The consensus mechanism was applied conservatively. Candidate species could be used for replace-
ment or addition only when they satisfied ecological rank, visual support, and multi-source evidence
constraints. This avoided uncontrolled propagation of false positives across related plots while allowing

recurrent high-confidence species to improve the coherence of the final species lists.

is the normalized global retrieval score, and



Final prediction validation. The final species list for each quadrat was generated through adaptive
K selection, prototype-based re-ranking, controlled ecological replacement, and conservative addition of
high-confidence species. Before submission, all predictions were validated against the official PlantCLEF
format. The validation process checked that each output row corresponded to a valid quadrat_id,
that no quadrat was missing or duplicated, and that all predicted species_id values belonged to the
official taxonomic catalogue. Duplicate species within the same quadrat were also removed.

Thus, the proposed architecture combines deep visual inference, non-parametric visual retrieval, and
lightweight contextual modelling to produce coherent multi-label predictions at the plot level while
maintaining control over species-list validity and submission consistency.

4. Experimental Results

The official metric used by the organizers was the sample-averaged macro F1 score, which is suitable
for multi-label classification problems because it simultaneously considers precision and recall at the
level of each quadrat. This metric penalizes both the omission of present species and the excessive
inclusion of non-relevant species, favoring systems capable of balancing coverage and specificity in the
generated lists. The leaderboard was reported using public and private partitions, and the final ranking
was determined based on the private partition. Table 1 presents the official public and private results of
our solution, together with the position obtained among the 103 participating teams. For comparative
purposes, the score achieved by the best-performing team is also included.

Table 1

Official PlantCLEF 2026 public and private leaderboard results.
System Public F1  Public Rank Private F1 Private Rank
Best-performing team 0.77083 1 0.75737 1
VerbaNexAl Lab 0.33106 28 0.32980 27

The final solution achieved a score of 0.33106 on the public leaderboard and 0.32980 on the private
leaderboard, ranking 28th and 27th, respectively, among 103 participants. These results place the
proposal within the top third of the participating teams, indicating a reasonably competitive capacity
in a highly complex scenario characterized by multi-species plot images, ecological variability, and a
broad taxonomic prediction space. Although the gap with the leading teams was considerable, the result
obtained is methodologically relevant, since it was not based solely on direct classification of the full
image. Instead, the system integrated multiple sources of evidence: multiview visual predictions, global
prototype-based retrieval, and ecological consensus derived from the site-date structure of the plot
identifiers. This combination made it possible to explicitly address the domain shift between individual
training images and community-level evaluation scenes.

The experimental evolution showed that the largest gains did not come from isolated modifications
to the visual model, but from the progressive incorporation of aggregation and contextual mechanisms.
Multiview inference with adaptive aggregation provided an initially competitive baseline. Subsequently,
prototype-based re-ranking made it possible to retrieve visually plausible species within the complete
taxonomic catalogue. However, the most significant improvement was obtained by incorporating
site-date ecological consensus and a conservative strategy for adding high-confidence species. This
behavior suggests that, in plot-level prediction tasks, contextual and community-level information can
effectively complement local visual evidence.

Table 2 summarizes the incremental contribution of the main components of the pipeline. The results
indicate that strategies based exclusively on visual evidence produced moderate improvements, whereas
the incorporation of ecological structure led to a more marked increase. In particular, site-date consensus
contributed to correcting species lists based on co-occurrence patterns among related plots, and the
conservative addition of species increased recall without aggressively altering already consolidated
predictions.



Table 2
Progressive contribution of the main methodological stages.

Methodological stage Observed leaderboard score
Multiview inference with adaptive species selection 0.31540
Local prototype-based re-ranking 0.31649
Global prototype-based recovery 0.31660
Ecological consensus with capped replacement 0.32234
Ecological high-confidence species addition 0.33087

The main contribution of the approach lies in shifting prediction from a purely visual scheme toward
context-aware ecological inference. The solution does not assume that each test image is independent;
rather, it exploits implicit relationships among plots with similar spatial and temporal conditions. This
decision was especially important in PlantCLEF 2026, where the evaluation unit corresponds to plant
communities rather than isolated botanical observations.

In terms of robustness, the final solution maintained explicit control over species-list length, the
validity of taxonomic identifiers, and the format required by the official evaluation. In addition, more
aggressive variants were discarded when they increased the risk of introducing false positives, prioritiz-
ing a final configuration based on controlled ecological replacements and high-confidence additions.
This strategy made it possible to balance precision and coverage in a highly imbalanced, large-scale
taxonomic multi-label scenario. Although the final score remains below that of the leading teams, the
performance obtained validates the relevance of combining multiscale visual inference, prototype-based
retrieval, and ecological consensus as a robust alternative for plot-level plant species prediction.

5. Conclusions

This work presented a hybrid pipeline for PlantCLEF 2026 aimed at multi-label plant species prediction
at the quadrat level. The proposal integrated multiview visual inference with DINOv2, global prototype-
based retrieval, and site-date ecological consensus, enabling a shift from isolated visual classification
toward predictions that are more coherent with the community structure of the plots.

The official results show that the system achieved an F1 score of 0.33106 on the public set and
0.32980 on the private set, ranking 28th and 27th, respectively, among 103 participants. Although the
performance remained below that of the leading team, the experimental evolution showed that the most
relevant improvements came from the proposed aggregation, prototype-based retrieval, and ecological
post-processing modules, rather than from direct adjustments to the visual backbone.

The main methodological contribution lies in combining local and global visual evidence with contex-
tual information derived from plot identifiers. In particular, ecological consensus and the conservative
addition of high-confidence species proved to be effective mechanisms for improving coverage without
indiscriminately increasing the number of predictions. These findings suggest that community-level
plant recognition tasks require strategies that incorporate not only visual similarity, but also ecological
relationships among samples.

As future work, more robust mechanisms for ecological modelling, hierarchical taxonomic integra-
tion, and multi-label list calibration will be explored in order to reduce false positives and improve
generalization in scenarios of high plant diversity.
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