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Abstract

Accurate monitoring of eider duck populations in Arctic
Canada is essential for understanding ecosystem health and
supporting conservation efforts in a rapidly changing climate.
Traditional manual counting from aerial imagery is time-
consuming, labor-intensive, and prone to observer bias. In
this work, we present a human-in-the-loop wildlife counting
system that integrates an open-vocabulary multi-species ob-
ject detector to streamline and enhance the accuracy of ei-
der duck surveys. The system leverages a pre-trained open-
vocabulary model, enabling the identification of both target
and incidental species without retraining, and employs human
validation to correct and refine automated detections. This
collaborative workflow combines the scalability of machine
learning with expert ecological knowledge, reducing anno-
tation effort while maintaining high accuracy. Field valida-
tion using aerial imagery from Arctic Canada demonstrates
that our approach can significantly accelerate population as-
sessments, improve consistency across surveys, and facilitate
adaptive monitoring in remote environments.

Code — https://github.com/echonax07/OpenWildlife

Introduction
The common eider duck holds significant cultural and eco-
logical importance for Inuit communities in Hudson Bay. Ei-
der down is the warmest natural insulator known and has
been fundamental to Inuit survival during Arctic winters
(Heath 2011). Modern environmental disruptions, such as
changes in sea ice and altered ocean current patterns driven
by hydroelectric infrastructure in eastern North America, are
increasingly affecting both the birds and the communities
that depend on them (Ridenour et al. 2019). Thus, the de-
mographic structure of the eider population functions as a
sensitive indicator of ecosystem change.

The eider is sexually dimorphic, with males exhibiting
predominantly white plumage and females displaying brown
coloration. This distinction enables male and female individ-
uals to be identified in aerial imagery (Fig. 1). While long-
term aerial survey campaigns by the Arctic Eider Society
have produced a substantial archive of high-resolution im-
agery, individual eiders occupy approximately 10×10 pixels
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Figure 1: Visual characteristics of eider ducks in aerial sur-
veys. Left: Reference images showing sexually dimorphic
plumage between males (white) and females (brown) (Cor-
nell Lab of Ornithology 2025). Right: Example aerial sur-
vey image (4368×2912) with 10× zoom inset displaying the
small size of eiders.

and frequently appear in densely packed flocks (Fig. 1). Fur-
thermore, white male ducks can frequently be confused with
ice chunks due to their color. These characteristics make
manual identification and differentiation of male and female
individuals extremely difficult and time-consuming.

In this work, we address this gap by introducing a scalable
approach for automated demographic analysis of eider ducks
in aerial imagery. Specifically, our work’s contributions are
three-fold:

• Approach. We developed an AI-assisted annotation sys-
tem combining the OpenWildlife foundation model with
a human-in-the-loop workflow. Our solution features a
regional correction mechanism, dynamic model refine-
ment, and specialized visualization tools for high-density
flocks. This innovative approach enables accurate sex
classification of eiders while handling the challenges of
small target sizes (10×10 pixels) and dense aggregations.

• Evaluation. We showed that the OpenWildlife model
performed better than state-of-the-art object detectors at
both zero-shot and finetuned detection of eider ducks due
to domain-specific pretraining through aerial imagery
combined with its open-vocabulary. We established a
testing framework using 10 fully annotated aerial im-
ages (comprising 320 patches of size 512×512) contain-
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ing approximately 35,000 individual eider annotations.
Our human-in-the-loop system achieved a 77.6% recall
rate with 22.2% counting error, while reducing annota-
tion time by 87.5% compared to manual methods.

• Deployment. The system has been implemented as an
extension to LabelStudio and deployed for use by the
Arctic Eider Society. This deployment features practi-
cal innovations including image slicing for large surveys,
confidence-based filtering, and real-time count estima-
tion, all packaged in a Docker container for easy adop-
tion by other wildlife monitoring organizations.

Related Work
Traditional methods for animal population monitoring us-
ing aerial imagery have relied heavily on manual annota-
tion. While these approaches offer high accuracy, they are
labor-intensive and not scalable for large datasets (Terletzky
and Ramsey 2016). Early automated techniques, such as un-
supervised classification and background subtraction, often
suffered from high false positive rates, particularly when de-
tecting dense or small-bodied species (Terletzky and Ram-
sey 2016).

The advent of deep learning, especially convolutional
neural networks (CNNs), has significantly enhanced detec-
tion and counting accuracy. For instance, methods utilizing
density maps have outperformed classical detectors in chal-
lenging scenarios, such as seabird colonies (Qian et al. 2023;
Singh, Gangloff, and Pham 2023). Other strategies have em-
ployed transfer learning and domain adaptation to address
the scarcity of labeled aerial data (Weinstein et al. 2022; Xu
et al. 2024; Patel et al. 2023). However, despite their su-
perior accuracy, density map-based methods remain labor-
intensive to annotate, as they require marking all individual
keypoints, making them difficult to scale. Furthermore, den-
sity map-based methods also struggle in providing precise
locations for individual objects, especially in dense regions
where objects overlap significantly, causing difficulty for hu-
man review and corrections (Gao et al. 2020).

Foundation models, pre-trained on large datasets, offer
new possibilities for wildlife monitoring with limited data.
MegaDetector (Beery, Morris, and Yang 2019) is one such
model that aids in analyzing extensive camera trap data.
Since foundation models are pre-trained on large amounts
of data, they require minimal adaptation to new domains.
Building upon this concept, we utilize OpenWildlife, a foun-
dation model trained on extensive aerial imagery, as a back-
bone to develop an interactive Eider duck counting solution.

Methodology
Dataset
The dataset consists of 750 high-resolution (4368× 2912
pixels) aerial images of eider duck colonies collected by
manned aircraft or drones from oblique and nadir viewpoints
over the Belcher Islands in 2002, 2008, and 2021. Over a
period of four months, 6 of these images were fully an-
notated by an Indigenous co-operative student using a de-
fault configuration of the open-source data labeling plat-
form LabelStudio (Tkachenko et al. 2020-2025a), resulting

in 8,339 keypoint annotations corresponding to individual
ducks. These labels serve as the basis for fine-tuning our
system.

OpenWildlife Model
Given the scarcity of labeled data, purely supervised train-
ing from scratch would severely overfit and fail to general-
ize to unseen viewpoints or colony configurations. Thus, we
follow OpenWildlife (Patel et al. 2025) in building a large-
scale pre-trained open-vocabulary detector based on MM-
Grounding-DINO (Zhao et al. 2024), as described in Fig. 2.

Backbone Networks OpenWildlife follows the standard
Grounding-DINO (Liu et al. 2024) architecture and uses
two modality-specific backbones. For image inputs, we em-
ploy a Swin Transformer (Liu et al. 2021), which extracts
multi-scale visual representations with shifted-window self-
attention. In parallel, a BERT encoder (Devlin et al. 2019) is
used to obtain contextualized embeddings of class descrip-
tions. The two backbones operate independently and do not
communicate until the feature fusion stage.

Feature Enhancer To jointly encode correspondences be-
tween the visual and textual modalities, we use a bi-
directional attention-based Feature Enhancer. First, the en-
coded text and image features are passed through cross-
attention blocks (text-to-image and image-to-text), which
enable the model to fuse shared semantic information
across modalities. The fused representations are further re-
fined with self-attention layers—standard multi-head self-
attention for the textual features, and deformable attention
(Zhu et al. 2021) for the visual features.

Language-Guided Query Selection To account for the
unusually large number of individuals per image in eider
colonies, we increase the number of decoder queries from
the 900 used in Grounding-DINO to 2,000. These queries
are initialized via language-guided query selection, where
the cosine similarity between each text feature and image
feature is used to identify high-similarity regions as candi-
date object locations. The positional component of each se-
lected region acts as a dynamic anchor box, while the con-
tent component is initialized as a zero vector. These queries
then serve as informative starting points for the subsequent
decoding process.

Cross-Modality Decoder The cross-modality decoder al-
ternates between self-attention, image cross-attention, and
text cross-attention layers. Image cross-attention enables re-
finement of object queries based on the visual feature maps,
whereas text cross-attention injects class-specific semantic
information into the queries. This facilitates alignment be-
tween bounding boxes and their corresponding textual de-
scriptions. Each refined object query is then used to predict
a bounding box and an associated class embedding.

Training Losses For bounding box regression, we em-
ploy a combination of L1 loss and Generalized IoU (GIoU)
loss (Rezatofighi et al. 2019). For classification, we apply a
focal-based contrastive loss (Lin et al. 2020) to align pre-
dicted object queries with the corresponding class tokens,
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Figure 2: OpenWildlife model architecture adapted from MM-Grounding-DINO. The model processes image-text pairs through
Swin Transformer and BERT backbones, with cross-modal fusion enabling open-vocabulary detection. Our approach builds
upon pre-training across 15 aerial wildlife datasets before task-specific fine-tuning for eider duck detection.

which enables open-vocabulary detection. Bipartite match-
ing loss (Carion et al. 2020) is additionally used during train-
ing to associate predicted queries with ground-truth anno-
tations and avoid duplicate detections. Auxiliary losses are
applied at each decoder layer following DETR (Carion et al.
2020).

The final loss for a training batch is defined as

Ltotal = λcls Lcls + λL1 LL1 + λGIoU LGIoU , (1)

where Lcls, LL1, and LGIoU denote the classification, box
L1, and GIoU components, respectively. Following DINO,
we set the weights for these terms to λcls = 1.0, λL1 =
5.0, and λGIoU = 2.0 in the final loss, and use (2.0, 5.0,
2.0) for the corresponding matching costs in the Hungarian
assignment stage.

Pre-training Although Grounding-DINO benefits from
large-scale object detection pre-training on general-purpose
datasets (e.g., Objects365, V3Det), these datasets do not
reflect the domain shift associated with aerial wildlife im-
agery. To address this, we follow OpenWildlife (Patel et al.
2025) and perform additional pre-training on 27,684 aerial
wildlife images comprising 977,428 bounding boxes across
15 species. This domain-specific pre-training provides the
model with coarse-grained representations of animal mor-
phology and background context that are directly relevant to
the downstream eider detection task. We refer to their paper
for additional details about this pre-training dataset.

Experiments
Baseline Comparison Setup To validate the effective-
ness of our approach, we conducted comparative evalua-
tion against four state-of-the-art object detection architec-
tures: DINO (Zhang et al. 2022), CO-DETR (Zong, Song,
and Liu 2023), YOLOv8 (Sohan, Sai Ram, and Rami Reddy
2024), and MM-Grounding-DINO (Zhao et al. 2024). All
these models were initially pretrained on the data described
above. We then evaluate the models in both zero-shot and
fine-tuned configurations on our eider duck dataset to assess
generalization capabilities and adaptation potential.

All the models leveraged aerial image specific pre-
training on 15 aerial wildlife datasets comprising 27,684 im-
ages with 977,428 annotations spanning diverse species in-
cluding beluga whales, elephants, penguins, and various bird
species (Patel et al. 2025). Training was conducted for 20
epochs using AdamW optimizer with learning rate 4×10−5

and 1000 warm-up steps. Images were preprocessed by slic-
ing into 1024 × 1024 pixel patches to maintain computa-
tional efficiency while preserving fine-grained details essen-
tial for detecting small objects (10×10 pixels) typical in
aerial surveys. Data augmentation included affine transfor-
mations, brightness/contrast adjustments, RGB/HSV shifts,
JPEG compression, and blur effects to enhance model ro-
bustness across varying environmental conditions.

Evaluation Protocol The zero-shot evaluation assessed
each model’s ability to detect eider ducks without any
task-specific training, providing insight into cross-domain
generalization capabilities. Fine-tuned evaluation measured
model performance after training on our limited set of six
fully annotated, full-resolution eider duck images. All eval-
uations used mean Average Precision at IoU threshold 0.5
(mAP50) as the primary metric, calculated on our 10-image
test set containing approximately 35,000 individual eider
duck annotations.

Results
Figure 3 presents the performance comparison of Open-
Wildlife against four state-of-the-art detection architectures
on the AES eider duck dataset. We evaluated both zero-shot
and fine-tuned configurations to assess the models’ gener-
alization capabilities and adaptation potential for this novel
species detection task.

Zero-shot and Fine-tuned Evaluation
In the zero-shot evaluation, OpenWildlife achieved 0.1
mAP50, performing better than all baseline methods. Tra-
ditional closed-set detectors CO-DETR and YOLOv8 com-
pletely failed to detect eider ducks (0.00 mAP50), demon-
strating their inability to generalize to novel species not
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Figure 3: Comparative performance of object detectors on
eider duck detection. OpenWildlife outperforms closed-
vocabulary detectors (DINO, CO-DETR, YOLOv8) in zero-
shot settings due to its open-vocabulary architecture and
aerial domain pre-training. After fine-tuning, all models
show improved performance, with OpenWildlife maintain-
ing the highest mAP50 (0.34) on our 10-image test set con-
taining 35,000 annotations.

present in their training data. DINO achieved minimal per-
formance at 0.03 mAP50, while MM-Grounding-DINO
reached 0.04 mAP50. Overall, these numbers are very poor,
highlighting the distinct nature of eider duck imagery.

Since closed-set models cannot predict novel classes, we
evaluated them using a relaxed localization-based metric,
where predictions are counted as true positives if they are
correctly localized, regardless of their class label. Even
under this lenient setting, OpenWildlife outperforms the
baselines, highlighting the importance of combining open-
vocabulary architecture with aerial-domain pretraining for
zero-shot detection of small, densely packed animals.

After fine-tuning, the performance gap between mod-
els narrowed. OpenWildlife maintained the highest perfor-
mance at 0.34 mAP50, but closed-set detectors achieved
similar results, as shown in Figure 3. This convergence oc-
curs because fine-tuning provides visual supervision for the
target species, reducing the relative advantage of text encod-
ing capabilities. When models receive sufficient visual ex-
amples of eider ducks, visual features become sufficient to
distinguish target classes, diminishing the benefit of open-
vocabulary architecture in this specific closed-set scenario.

Architectural Advantage Analysis The results indicate
that OpenWildlife’s performance advantage arises from the
combination of its open-vocabulary architecture and aerial-
domain pretraining, which enables effective zero-shot gener-
alization to novel species through transferable visual priors.
The improvement from zero-shot to fine-tuned performance
(0.10 → 0.34 mAP50) demonstrates that limited human-
in-the-loop annotations are sufficient to substantially im-
prove detection accuracy. Across both evaluation settings,
OpenWildlife consistently outperforms alternatives and can
be deployed immediately due to its strong pretrained ini-
tialization, making it well suited for wildlife monitoring in
resource-constrained settings where large-scale manual an-
notation is impractical.

Deployment
While tools such as LabelStudio (Tkachenko et al. 2020-
2025b), Roboflow (Dwyer et al. 2025), and CVAT (CVAT.ai
Corporation 2023) support pre-labeling using pre-trained
models, our objective was to continuously refine the Open-
Wildlife model during annotation. To accomplish this, we
extended LabelStudio so that annotators could predict, cor-
rect, and incrementally retrain the model. This design choice
allows model quality to improve in parallel with annotation
progress, rather than only after a complete labeling pass.

We selected LabelStudio over CVAT, another free and
open-source alternative, due to its flexible XML-based con-
figuration, the ability to self-host both the frontend (anno-
tation interface) and machine learning backend (Tkachenko
et al. 2020-2025b), as well as its proven success within AES
for initial eider duck labeling.

Human-in-the-loop Workflow
Figure 4 shows the human-in-the-loop (HITL) pipeline we
implemented within LabelStudio. Although the Commu-
nity Edition of LabelStudio supports prediction and training
through a machine learning backend (Tkachenko et al. 2020-
2025b), it assumes that images are fully annotated prior
to retraining. This assumption is infeasible in our setting,
where individual aerial images frequently contain thousands
of eider ducks. Fully correcting model predictions before re-
training would be prohibitively time-consuming. To address
this, we introduced a regional annotation workflow. When a
task is opened for annotation, the current model generates an
initial set of predictions. The annotator edits only a selected
subregion and draws a training polygon to indicate verified
ground truth. After pressing the Train button, the backend
finetunes the model on this verified region, redeploys the
updated weights, and enables the annotator to issue a new
Predict on the remaining areas. This predict–annotate–train
cycle can be repeated iteratively until all regions are accu-
rately labeled, without requiring exhaustive full-image an-
notation before each update.

Quality-of-Life Features To make this incremental work-
flow practical for large, high-density images, we incorpo-
rated several quality-of-life enhancements directly into the
annotation interface. A “bubble annotator” based on the
Hierarchical-DBSCAN algorithm (Campello, Moulavi, and
Sander 2013) groups spatially close detections, improving
the responsiveness of zooming and panning. An image slic-
ing tool can be used to split images into crops if the num-
ber of eiders within an image exceeds the number of de-
tection queries accepted by the model. A notification system
informs users when a training job completes, eliminating the
need to check backend logs. To further improve annotator ef-
ficiency, we added a confidence threshold slider that allows
users to filter low-confidence predictions and see real-time
duck counts at the chosen threshold. A model settings panel
enables users to revert to or name checkpoints, upload new
model weights, and tweak training parameters. Finally, the
system supports XLSX export, providing high-level project
metrics in a familiar format.
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Figure 4: The human-in-the-loop pipeline built within LabelStudio. Given predictions from our OpenWildlife model, a human
can correct annotations within a region and re-train the model on this masked area. This cycle can be repeated until the annota-
tions are satisfactory. The right panel shows the interface in which this pipeline is executed, including bubbled numbers which
reflect the pipeline’s steps, annotation tools, and other quality-of-life features.

Technical Design The system consists of two operational
workflows (prediction and training) and four main compo-
nents: the LabelStudio frontend, the LabelStudio backend,
the ML backend, and a Redis server. The frontend com-
municates with the backend via REST APIs, while the ML
backend handles both prediction and training and maintains
model checkpoints and state.

During prediction, the frontend calls the force predict
API. The ML backend loads the relevant model parameters,
slices images, and returns the predictions after converting
from MSCOCO (Lin et al. 2014) format to the LabelStudio
JSON format. Ground-truth regions and their corresponding
labels are preserved, while previous drafts and predictions of
other image sections are replaced with the newly generated
results. This typically completes within 30 seconds.

Training is handled similarly, except that it is executed
asynchronously. The request queues a job in Redis, and the
frontend periodically checks its status using the job status
API. Jobs usually complete in 2–4 minutes. Forking the
training process improves GPU multitasking and simplifies
memory clean-up by avoiding long-running blocking calls.
All components are packaged within a Docker container to
simplify deployment and avoid environment-specific config-
uration issues.

Experimental Setup

Dataset For quantitative evaluation, we hold out 10 aerial
images as a test set. These images were selected to be repre-
sentative of the full dataset, covering a range of geographic
conditions (e.g. ducks swimming on sea ice vs. flying over
open water), field-of-view sizes, behavioral contexts (e.g.
swimming, launching, and in-flight), and population sizes
(from 352 to 11,099 individuals per image). Although only
ten images are used, they correspond to 320 patches of
size 512×512, and required approximately 35,000 individ-
ual annotations to construct the ground-truth labels. Gener-
ating these labels required several days of dedicated effort
and highlights the difficulty of preparing densely populated
aerial imagery even at small scale.

Model Variants We evaluate three different model vari-
ants in increasing order of supervision:

• Pre-trained: model trained only on 15 aerial wildlife
datasets following OpenWildlife pre-training.

• Fine-tuned: pre-trained model further fine-tuned using
the 6 fully annotated eider colony images.

• HITL: fine-tuned model further refined by incorporating
human feedback through the annotation interface.
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Figure 5: Qualitative improvement through human-in-the-loop refinement. Comparison shows detection results before (left) and
after (right) HITL feedback, with true positives (green), false positives (red), and false negatives (blue). The HITL-refined model
demonstrates improved precision in distinguishing eiders from background clutter and better recall in dense flock regions, as
visible in the 5× zoom insets.

User Study To evaluate the annotation workflow, we con-
ducted a small-scale user study with five participants. Each
participant first completed a short training session covering
the use of the web-based LabelStudio interface and the task
of identifying male and female eider ducks in aerial im-
agery. Participants then annotated a set of images over a
four-month period. For each image, model-generated pre-
dictions were provided as a starting point, and participants
reviewed and corrected these predictions as needed.

Evaluation Metrics Performance on the 10-image test set
is evaluated using precision, recall, mean absolute error
(MAE), and percentage error. For the user study, annotation
efficiency is measured as the average time (in minutes) re-
quired to annotate one full image. All the models are evalu-
ated at a score threshold of 0.3.

Results and Discussion
Accuracy and Efficiency Table 1 reports the performance
of the three model variants. Accuracy improves consistently
across training stages: fine-tuning yields large gains over
pre-training alone, and the HITL stage produces further im-
provements, particularly in recall and MAE. In terms of an-
notation efficiency, the HITL workflow reduces the time re-
quired to annotate a single image by 87.5% compared to
manual annotation (Table 2).

Transfer Learning To verify that HITL refinement does
not overfit to the imaging conditions of a single site, we
perform a leave-out experiment (“HITL Other”), in which
HITL training is carried out on five non-overlapping images
and the resulting model is evaluated on the same 10-image
test set. As shown in Table 3, the HITL Other variant still
improves over the fine-tuned baseline, demonstrating gener-
alization across locations and conditions.

Pre-trained ! ! !

Fine-tuned % ! !

HITL % % !

Precision ↑ 0.0 67.11 65.97
Recall ↑ 0.0 75.64 77.56
MAE ↓ 3384.7 548 264.3
% Error ↓ 98.08 29.20 22.23

Table 1: Performance comparison of three model variants on
the 10-image held-out test set, evaluated at a detection con-
fidence score threshold of 0.3. Checkmarks indicate which
supervision stages were used during training.

Workflow Time Per Image (minutes) ↓
Manual 117.08 ± 111.29
HITL 14.70 ± 9.73

Table 2: Annotation time comparison between fully manual
labeling and the human-in-the-loop (HITL) workflow.

Fine-tuned ! !

HITL Other % !

Precision ↑ 67.1 63.5
Recall ↑ 75.6 81.1
MAE ↓ 548 531.7
% Error ↓ 29.2 28.9

Table 3: Transfer learning results after HITL training on 5
non-overlapping images.

39983



Figure 6: Comparison between a fully manual annotation workflow (left) and the human-in-the-loop process (right). Highlighted
regions mark areas where annotators intervened during the HITL cycle, while the inset summarizes the final male and female
counts for each approach. The side-by-side view illustrates how limited, localized corrections are sufficient to bring the HITL
output into close alignment with fully manual labels.

Qualitative Analysis Figure 5 illustrates qualitative im-
provements obtained from HITL refinement. The model
identifies a higher proportion of true positives and pro-
duces fewer false positives compared to the fine-tuned base-
line. Participants also reported a substantially improved user
experience, describing the model predictions as “accurate

enough to require only minor adjustments” and noting the
“orders of magnitude” time savings relative to fully manual
annotation. Full-image comparisons of manually-annotated
ground truth and human-in-the-loop results is available in
Figure 6.
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Discussion
Our work demonstrates the effectiveness of leveraging foun-
dation models and human-in-the-loop (HITL) workflows for
automating the demographic analysis of eider ducks in aerial
imagery. Several key insights emerged from this study:
1. Foundation Models in Low-Data Regimes: The Open-

Wildlife model, pre-trained on diverse aerial wildlife
datasets, proved invaluable for few-shot adaptation to ei-
der duck detection. The vocabulary-guided pre-training
enabled accurate predictions despite limited labeled data,
significantly reducing annotation effort compared to
training from scratch.

2. Handling High-Density Imagery: The sheer size of
aerial images and the high density of eider ducks neces-
sitated specialized functionality, such as image splitting,
adjustable batch processing, and annotation clustering.
These optimizations were critical for maintaining system
responsiveness and usability during large-scale annota-
tion tasks.

3. Granular HITL Workflows: The regional correction
approach, where annotators refine predictions incremen-
tally rather than correcting entire images before retrain-
ing, proved particularly beneficial for densely populated
scenes. This iterative predict-annotate-train loop allowed
for continuous model improvement without requiring ex-
haustive full-image annotations at each step.

Participants in our user study reported substantial effi-
ciency gains, with annotation times reduced by nearly 90%
compared to manual labeling. Qualitative analysis further
confirmed that the HITL-refined model achieved higher pre-
cision and recall, particularly in challenging scenarios with
overlapping or occluded ducks.

Future Work
While our system represents a significant step forward in
automating wildlife population monitoring, several avenues
for improvement remain:
• Optimizing Canvas Rendering: Large numbers of an-

notations can strain front-end rendering performance.
Future work could explore more efficient visualization
techniques, such as dynamic level-of-detail rendering
or GPU-accelerated annotation clustering, to further en-
hance the user experience.

• Open-Source Release: To support broader adoption by
conservation agencies, we plan to release both the an-
notation tool and the fine-tuned OpenWildlife model as
open-source software. This will enable other organiza-
tions working with aerial wildlife imagery to benefit from
our approach.

• Expanding to Other Species: The framework could be
extended to support additional Arctic bird species or
adapted for terrestrial wildlife monitoring, provided suf-
ficient pre-training data is available.

• Active Learning Integration: Incorporating active
learning strategies to prioritize uncertain or high-value
regions for human review could further optimize the an-
notation process.

Conclusion
We presented a scalable, human-in-the-loop system for au-
tomated demographic analysis of eider ducks in aerial im-
agery. By combining OpenWildlife’s foundation model with
an iterative regional refinement workflow, we achieved sub-
stantial improvements in both accuracy and annotation ef-
ficiency compared to manual methods. Our approach not
only addresses the immediate challenges of eider duck mon-
itoring but also provides a flexible framework adaptable
to other wildlife conservation efforts. As environmental
changes continue to impact Arctic ecosystems, tools like this
will play an increasingly vital role in supporting both eco-
logical research and Indigenous-led conservation initiatives.

Ethical Statement
This research was conducted in close partnership with the
Arctic Eider Society and Inuit communities, following prin-
ciples of Indigenous data sovereignty and community-led
research. The human-in-the-loop annotation system was de-
signed to augment rather than replace Indigenous knowledge
and monitoring practices. While our system improves mon-
itoring efficiency, we recognize the importance of maintain-
ing human oversight to ensure cultural context and tradi-
tional ecological knowledge are preserved in conservation
decisions.
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