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Summary 
Arctic ecosystems are undergoing rapid ecological reorganization in response to the effects of 

global climate change. Sentinel species provide a means to track the changes as they unfold. 

Monitoring of sentinel species, such as marine mammals can reveal the occurrence and 

severity of ecological changes when they occur. Population asssessments of marine mammals, 

in particular seals, are often conducted by counting individuals from images collected during 

aerial surveys using an aircraft (often piloted, but recently Unoccupied Aerial Vehicles, 

UAVs, are used more frequently).  To turn aerial imagery into management advice requires 

significant effort (i.e. man-hours) to process raw imagesto get counts of animals on ice (or 

land).   

 

Our project aimed to streamline the process of converting aerial imagery into abundance 

estimates by 1) applying state-of-the-art Computer Vision (CV) models on images collected 

using UAVs and 2) extending the time series of ringed seal abundance by an additional two 

years, in order to capture the variability in abundance of seals as a function of landfast sea ice  

coverage.  We collected aerial survey data throughout Isfjorden, Van Mijenfjorden and 

Kongsfjorden over two consecutive seasons, and used these data to train CV models to 

identify ringed seals hauled out on sea ice. 

 

CV model performance:  

Our model showed strong performance in identifying ringed seals, when tested against an 

annotated (human interpreted) data set -  achieving a precision of 94% and a recall of 84%. 

The resulting harmonic mean of accuracy and precision was 0.89, confirming a balanced 

performance on a large dataset. Our model required an average of 4.5 milliseconds per image, 

including preprocessing, inference, corresponding to a processing speed of 222 FPS, 

highlighting the model’s potential for rapid analysis in large-scale seal detection tasks. 

 

Ringed seal inter-annual abundance 2023 – 2025: 

The landfast sea ice extent varied greatly between fjords within a given year, as well as 

between years for the same fjord on the days surveyed. For example, the landfast sea ice 
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cover within the Isjorden region ranged from 10.4 km2 in Borebukta to 148 km2 in 

Dicksonfjorden and constituted a total area of 288.4 km2  in 2023. The landfast sea ice cover 

ranged from 36.3 km2 in Borebukta to 171.4 km2 in Ekman-Nordfjorden, for a total of 525.2 

km2 in 2024. Finally, the landfast sea ice extent varied from 41.4 km2 in Borebukta to 159.5 

km2 in Dicksonfjorden in 2025. Despite the variability between years, the average landfast sea 

ice extent for Isfjorden (422.4 km2) suggests a reduction of 65% in landfast sea ice coverage 

in the recent period compared with a base-line survey conducted in 2002. In terms of ringed 

seal abundance, a total of 1470 (±323), 1098 (±226) and 1026 (±142) ringed seals were 

estimated to be present in Isfjorden for 2023, 2024 and 2025, respectively. In Kongsfjorden 

the 2024 survey resulted in an estimate of 177 (±35) ringed seals, while in Van Mijenfjorden 

the 2025 estimate was 581 (±80) individuals.  

 

These numbers represent an average reduction of 62,6% in ringed seal abundance in Isfjorden 

area compared to the estimates obtained during in 2002, with the average density of hauled-

out seals in the fjords decreased from 1,85 seals/km2 in 2002 to 1,65 seals/km2   between 2023-

2025.  

 

Conclusions: 

Our project successfully created a CV model capable of analysing aerial images accurately 

and precisely for the presence of ringed seals on sea ice.  We also provide three abundance 

estimates for ringed seals in key locations in western Svalbard, and demonstrate that the 

natural variability between years and fjords and bays necessitates additional survey effort to 

characterise this variability more precisely.  

 

The project formed the basis of a Masters degree thesis (Mr Alberto Roldan Sastre, University 

of Akureyri, Iceland), which at the time of report submission is being reformatted to create 

two peer reviewed scientific articles. 
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Introduction 

Ringed seals (Pusa hispida) are one of the most broadly distributed endemic phocids, living 

throughout much of the circumpolar Arctic (Hammill, 2009; Laidre & Regehr, 2017). The 

preferred habitat for ringed seals is landfast sea ice over the continental shelf close to 

coastlines, although in some few places they have been reported to breed in drifting pack-ice 

areas both nearshore and offshore (Smith & Hammill., 1981; Wiig et al., 1999). Several 

studies have focused on the effect of changing sea ice environments on ringed seal ecology. 

There are records of low body condition, low ovulation rates and low pregnancy rates as well 

as increased cortisol stress hormone in ringed seal during years with especially long open-

water periods (Ferguson et al., 2017). These responses to changes in their sea ice habitat 

demonstrate the high sensitivity of ringed seals to sea-ice conditions.  

 The direct and indirect threats to ringed seal from global warming have resulted in this 

species being classified as Vulnerable/ Threatened by the IUCN (in Europe and Globally). 

Similarly, the United States has listed the species as threatened under the US Endangered 

Species act in 2012 (Fisheries, 2021). In addition, Norway, where the centre of the European 

population occupies Svalbard,  designated this species as Vulnerable on the Norwegian 

National Red List in 2015 (Eldergard et al., 2021; Kovacs, 2014).  

 The Svalbard Archipelago is a region that has experienced the most rapid warming 

within the Arctic, with annual air temperature increases up to 2,7 ºC per decade in recent 

decades (Førland et al., 2011; Isaksen et al., 2022; Nordli et al., 2014; Onarheim et al., 2014). 

This has driven a reduction in sea-ice that has been particularly notably since 2006. Since that 

time fjords in western Svalbard have had a short sea-ice season if ice has formed at all 

(Muckenhuber et al., 2016; Onarheim et al., 2014; Pavlova et al., 2019; Urbański & Litwicka., 

2022). This sea-ice reduction is a significant driver of warmer air temperatures regionally and 

in turn reduced albedo, which is accelerating warming (Isaksen et al., 2022). The reduction of 

sea ice and warmer fjord waters are also enhancing melt and tide water glacier retreat, 

especially on Svalbard´s west coast (Foss et al., 2024; Geyman et al., 2022; Li et al., 2025; 

Morris et al., 2020).  

 Within the Svalbard Archipelago, the current status and trend of ringed seals is 

unknown, with the most recent survey of ringed seals dating back to 2002 (Krafft et al., 

2006). Using Krafft et. al.’ (2006) abundance estimate, a demographic modelling study 

predicted a decline up to 40% of the current estimated population of ringed seals under 

current climatic conditions in Svalbard, however poor and outdated abundance data implicitly 
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means a high degree of uncertainty in such projections (Nater et al., 2024). In addition to this 

projection, a modelling study has projected that ringed seal lair habitat will most likely 

disappear throughout most parts of Svalbard Archipelago due to lack of available snow in the 

next decade (Kovacs et al., 2024).  

 In light of how ringed seal population trends are expected to track habitat degradation, 

they have been considered as a sentinel species by the Arctic Monitoring and Assessment 

Programme (AMAP) and the Conservation of Arctic Flora and Fauna (CAFF) to evaluate the 

health of the Arctic marine ecosystems (Kovacs et al., 2014). In order to identify conservation 

priorities and support   adaptive management, regular monitoring assessments of the species´ 

abundance and distribution are considered an essential research need (Descamps et al., 2017; 

Kovacs et al., 2021; Laidre et al., 2015; Nater et al., 2024; Ragen et al., 2008).  

 In a broad context, population estimates of seals are often conducted by counting 

individuals in images collected during aerial surveys, which are usually carried out using 

piloted aircraft (Aniceto et al., 2018; Bengtson et al., 2005; Johnston et al., 2017; Krafft et al., 

2006; Speckman et al., 2011). However, the remote and often inaccessible nature of the 

habitats occupied by ringed seals, combined with harsh climatic conditions, makes such 

surveys logistically complex and financially expensive.  

 The recent development of uncrewed aircraft systems (UAS), which include uncrewed 

aerial vehicles (UAVs) or “drones”, has made aerial imagery an increasingly efficient and 

cost-effective tool in wildlife conservation research, especially in marine mammal monitoring 

programmes (Álvarez-González et al., 2023; Ascagorta et al., 2025; Hodgson et al., 2013; 

Wang et al., 2019). This methodology has proven to be less invasive and disruptive for marine 

mammals than previous methods, and provides high enough resolution imagery to identify 

individuals (Born et al., 1999; Palomino Gonzalez et al., 2021). However, an important 

limitation of  either piloted aircraft or UAS, is the large number of images generated, which 

have to be manually reviewed to find the target individuals, making this a time-consuming 

process susceptible to bias (Álvarez-González et al., 2023; Cleguer et al., 2021; Corcoran et 

al., 2021; Infantes et al., 2022; Krafft et al., 2006; Maire et al., 2015). Human effort to process 

the images also comes at significant cost, both in terms of expenses in having onboard 

observers in aircraft, in addition to the processing of images (Ferguson et al., 2018). Hence, 

both the cost (salaried hours) and the time (image process) required to convert aerial survey 

imagery into meaningful data are significant hurdles to providing information on a timescale 

useful for management purposes. 

 The need for rapid and cost-effective large-scale imagery analysis is being addressed 

in part by significant advances in computer vision (CV) algorithms, which can identify target 
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animals even in complex backgrounds. These approaches have become more available and 

popular in recent years because of the rapid improvement in high-power computers as well as 

more user-friendly frameworks and trained CV models that are easily accessible for scientists 

(Dujon & Schofield, 2019; Weinstein, 2018). Consequently, combining UAS aerial surveys 

with CV models has the potential to greatly accelerate the production of population 

assessments of marine mammal species such as ringed seals, leading to improved 

demographic model projections and more refined advice to environmental managers. 

However, to date, such models are lacking for ringed seals (Gupta et al., 2022; Xu et al., 

2024).  

 

Research questions and aims  

In light of the ongoing environmental changes in Svalbard, the lack of updated knowledge 

regarding ringed seals status in this region and the recent emergence of object detection 

methodologies that enable rapid and cost-effective analysis of large-scale aerial imagery, the 

overarching research questions were; 

1) Exploring the potential of object detection models, in combination with UAS surveys, 

to automate ringed seal aerial monitoring. 

2) determining if the population of ringed seals has changed in western Svalbard over the 

last 20 years and whether interannual estimates are consistent across fjords and years.  

These research questions can be divided into two principle aims: 

• Aim 1: To provide a reliable and efficient automated methodology to support long-

term monitoring of ringed seals using object detection models and UASs aerial 

imagery.  

• Aim 2: To estimate the current abundance and distribution of ringed seals in western 

Svalbard. 
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Aim 1: Computer Vision model development 

Material and Methods 

Data collection 

The images used for the development of the object detection models were obtained from 

aerial surveys (conducted in 2022, 2023, 2024 and 2025) carried out using UASs. The UASs 

were equipped with either a Sony ILCE-6000 camera or a DJI Phantom 4 camera (Table 1). 

All images were stored on an external hard drive after collection in the field. 

Table 1. Number of images and image resolution taken per year by each camera model. 

Camera model / year 2022 2023 2024 2025 

DJI Phantom 4 (5472 x 3648 pixels) 4894 - - - 

Sony ILCE-6000 (6000 x 4000 pixels) - 6238 9907 11283 

Total images collected 32322 

Image annotation  

The stored images were imported into Roboflow (https://roboflow.com/), an online website 

for annotation, creation and deployment of CV models and applications. Each image was 

scaled up between 70% to 130% to ensure adequate recognition and identification of the 

ringed seals. For the correct identification of ringed seals and to avoid counting other seal 

species, the animals were identified based on body size, the presence of ringed seal structures 

beside them such as breathing holes, and the locations at which they were found on the sea ice 

(within the fjord).   

Datasets design and construction 

In order to train the object detection models, three datasets were constructed based on the 

timeline in which image collection took place: miniSeal (2023-2024), mediumSeal (2022-

2025) and proSeal (2022-2025). Each dataset was subsequently used to train the Yolov8s 

architecture, obtaining three different models. 

 All datasets contained labelled images with seals (positive images), and a variety of 

additional images that did not contain ringed seals nor annotations (background images or 

negative images). The datasets were then split into training, validation, and test sets, 

https://roboflow.com/
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following a 70–15–15 break-down. During the data split process, 70% of positive and 

negative images were assigned to the training set, 15% of each to the validation set, and the 

remaining 15% of each to the test set. The division of images into these sets was performed 

randomly, but with a fixed seed value (42) to ensure that the exact same split can be 

reproduced every time the Python script is run with the same dataset. Lastly, an additional test 

dataset composed of images collected and manually annotated exclusively from Van 

Mijenfjorden during the 2025 field season was created. This test dataset contained 3628 high-

resolution images (348288 “tiles” created from sub-divided images), with 106 positive 

objects) which share similar characteristics and environmental conditions with the data used 

for training, but that were not included in the proSeal dataset.  

 While evaluating the miniSeal and proSeal models on their respective test sets 

provides valuable insights into their ability to predict unseen data, these test sets offer only a 

limited approximation of real-world performance, especially in the context of a relatively 

small dataset like ours. As such, the Van Mijenfjorden test set serves as a proxy for evaluating 

how reliably each model performs in actual deployment scenarios. This external evaluation 

also enables a more objective comparison of their performance.  

Training custom YOLOv8 model 

Each model was then trained by fine-tuning the YOLOv8s algorithm which had been 

previously trained on the MS COCO dataset 

(https://docs.ultralytics.com/models/yolov8/#yolov8-usage-examples accessed 21/01/2025).  

 All training and posterior evaluation procedures were performed in Google Colab, 

using an NVIDIA A100-SXM4-40GB GPU. The training hyperparameters and internal data 

augmentation parameters employed for training all models are described in Table 1.3. Default 

values were used for both the training hyperparameters and data augmentation parameters, if 

not otherwise specified.  

Model validation and evaluation 

The validation data set was used to evaluate the model’s learning performance during training 

when exposed to novel data. Therefore, the validation set allows monitoring the model’s 

ability to generalize to new data and helps guide the adjustment of hyperparameters to fine-

tune the training process. 

 When the model detects an object (e.g., a seal), it assigns a confidence score to each 

predicted bounding box. This score indicates how certain the model is that the box contains 

atarget object. In this case, there was only one class, a seal. Two parameters are used to 

https://docs.ultralytics.com/models/yolov8/#yolov8-usage-examples
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evaluate the model’s performance during validation and subsequent testing: the confidence 

threshold and the IoU threshold. 

 The confidence threshold is a user-defined value between 0 and 1 to determine the 

minimum score a detection must reach to be considered valid. By adjusting the threshold, a 

user controls which predictions are accepted based on the confidence assigned to each object 

by the model. Stricter thresholds (higher value) reduce false positives (FPs), while lower 

thresholds reduce false negatives (FNs). This allows a user to adapt the model´s expected 

predictions depending on the goals and tolerance for error within the project. IoU is both a  

parameter and a metric, which is used widely in object detection. As a parameter, IoU is used 

in two different stages: 

1) During inference (the process of exposing the model to new data to obtain predictions), the 

model predicts the objects in the images. At this stage, IoU is used in the Non-maximum 

suppression (NMS) step to eliminate redundant bounding boxes. When multiple predictions 

overlap the same object significantly (IoU above the NMS threshold), only the one with the 

highest confidence score is retained. However, if the overlap is low (IoU below the 

threshold), the boxes are considered detections of different target objects, and all are kept. 

2) During evaluation, the IoU threshold defines a minimum overlap required between a 

predicted box and the ground truth box for the prediction to count as a true positive. If the 

overlap is below this threshold, the prediction is considered false. For instance, with a 

threshold of 0.5, a prediction is correct only if IoU ≥ 0.5. 

  

As a metric, IoU quantifies how much a predicted bounding box overlaps with the ground 

truth box. Its value ranges from 0 (no overlap) to 1 (perfect match). This metric evaluates how 

accurately the model localizes objects. Together, the confidence threshold and IoU threshold 

strongly influence the model´s evaluation of the results, defining the main performance 

metrics: precision; recall; F1-score and; mAP@0.5. Precision describes the proportion of true 

positives (correctly predicted seals, TP) among all positive detections, reflecting the model´s 

capability to correctly identify ringed seals while avoiding FPs. Recall is the proportion of 

true positives detected by the model among all potential targets (all seals present in the 

dataset). It measures the model´s ability to detect all instances of a target class. In this case, 

ringed seals. Average precision (AP) is the area under the precision–recall curve. It 

summarizes the trade-off between precision and recall across different confidence thresholds, 

providing a single value that reflects the model’s performance in balancing both metrics. A 

high confidence threshold typically increases precision by being more selective, but it might 

lower recall by leaving out some true detections. On the other hand, a low confidence 
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threshold usually increases recall at a cost of more FPs and thereby reducing precision. The 

mean Average Precision (mAP) is the average value of the AP across different classes. Since 

our study involves only one class — the ringed seal — the AP and mAP are effectively the 

same.  

 The commonly used mAP@0.5 metric calculates the average precision at a fixed IoU 

threshold of 0.5. It is a key performance indicator that condenses the model’s object 

localization and classification accuracy into a single score. Similarly, mAP@0.5:0.95 assesses 

the same but on an IoU threshold range (0.5 – 0.95).  Lastly, frames per second (FPS) is a 

valuable metric to assess the model´s speed. This metric measures the number of images that 

the network can process per second.  Model performance on the validation set was evaluated 

using the default values for confidence and IoU threshold established by the Ultralytics 

package. The result of the analyses of this data subset allows for a better understanding of 

how the model performed so that further adjusts to training hyperparameters can be made to 

optimize results. 

Model testing & evaluation 

As a final step, an independent evaluation of each model’s test set was carried out using the 

Ultralytics package, under the same conditions as those applied in the validation phase. Model 

performance was assessed using the same key metrics described for the validation, unless 

otherwise specified. 

Results 

Object detection model: miniSeal  

The miniSeal model demonstrated strong performance on its test dataset (Fig. 1). It achieved a 

recall of 0.87, while maintaining a precision of 0.95. The F1-score reached 0.91, and the AP 

at an IoU threshold of 0.5 was 0.91. When considering the full IoU threshold range from 0.5 

to 0.95, the mAP@0.5:0.95 was 0.52, reflecting good localization performance under strict 

overlap conditions.  

 In terms of efficiency, miniSeal achieved a total processing time of 4.6 milliseconds 

per image, including preprocessing, inference, and postprocessing steps at 640 x 640 pixels 

resolution. This corresponds to a processing speed of 217 FPS. 

mailto:mAP@0.5:0.95
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Fig. 1 miniSeal model´s performance on its test subset based on key evaluation metrics: 

precision, recall, F1-score, mAP@0.5, and mAP@0.5:0.95. 

Object detection model: mediumSeal 

The results for mediumSeal on the miniSeal test subset indicated a consistent improvement 

across all evaluation metrics when additional data were included in the training process (Fig. 

2). The mediumSeal model outperformed miniSeal in every metrics, achieving a precision of 

0.96, recall of 0.90, and an F1-score of 0.93. In terms of localization accuracy, the mAP@0.5 

improved to 0.92, a 0.02 increase compared to miniSeal. Additionally, the model achieved a 

higher mAP@0.5:0.95 score of 0.58, reflecting improved performance across a broader range 

of IoU thresholds. In addition, the mediumSeal model achieved an inference speed of 222 

FPS. This represents a slight improvement over miniSeal. 
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Fig.1. miniSeal and mediumSeal models’ perfomance on miniSeal´s test subset based on key 

evaluation metrics: precision, recall, F1-score, mAP@0.5 and mAP@0.5:0.95. 

Object detection model: proSeal 

Our proSeal model also showed strong performance  (Fig. 3). It achieved a precision of 0.94 

and a recall of 0.84. The resulting F1-score was 0.89, confirming a balanced performance on a 

bigger test dataset than miniSeal´s test set.  

The average precision (AP) at an IoU threshold of 0.5 reached 0.90, while the mAP@0.5:0.95 

was 0.54, suggesting a slight improvement in localization performance compared to the 

miniSeal model.  

 The proSeal model required an average of 4.5 milliseconds per image, including 

preprocessing, inference, and postprocessing time at 640 x 640 pixels resolution. This 

corresponds to a processing speed of 222 FPS, highlighting the model’s potential for rapid 

analysis in large-scale seal detection tasks. 
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Fig. 3. . proSeal model´s perfomance on its test subset based on key evaluation metrics: 

precision, recall, F1-score; mAP@0.5 and mAP@0.5:0.95. 

miniSeal and proSeal generalization test 

When miniSeal and proSeal  were assessed on the Van Mijenfjorden dataset using the 

Ultralytics evaluation framework, thep proSeal model outperformed miniSeal across all 

metrics. Specifically, proSeal achieved a precision of 0.87, a recall of 0.74, and an F1-score 

of 0.80 (Fig. 4). In comparison, miniSeal also performed well but slightly below the more 

advanced model, with a precision of 0.84, recall of 0.71, and an F1-score of 0.77. Regarding 

localization accuracy, proSeal reached 0.83 at mAP@0.5 and 0.51 at mAP@0.5:0.95, while 

miniSeal obtained 0.79 and 0.45, respectively (Figure 1.4).  
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Fig. 2. miniSeal vs proSeal models’ perfomance on the Van Mijenfjorden 2025 annotated 

dataset based on key evaluation metrics: precision, recall, F1-Score, mAP@0.5 and 

mAP@0.5:0.95. 

Inference evaluation: miniSeal vs proSeal 

At a low confidence threshold of 0.001 and an IoU threshold of 0.3, both miniSeal and 

proSeal reached a very high recall of 0.96, indicating their ability to detect most of the seals 

present on the images (Table 2). In contrast, the precision was low due to a high number of 

FPs: miniSeal achieved 0.08 precision, while proSeal performed slightly better at 0.12 

precision (Table 2). However, the mAP@0.3 for miniSeal was 0.84 while for proSeal was 

0.87. Notably, proSeal also overcomes miniSeal with 7.7 FP per TP, while miniSeal shows 

11.5 FP per TP.  

 When the confidence threshold was increased to 0.01 with the same IoU threshold, 

recall decreased slightly to 0.91 (miniSeal) and 0.90 (proSeal), but precision improved 

substantially— 0.33 and 0.45, respectively. Regarding the FP/TP rate, proSeal surpasses 

miniSeal with 2.2 FP/TP rate against 3 FP/TP rate, respectively. 

 Finally, with a confidence and IoU threshold of 0.5, miniSeal achieved 0.62 recall, 

0.88 precision, and 0.72 F1-score, while proSeal reached 0.65 recall, 0.97 precision, and an 

F1-score of 0.77. In this case, the mAP@0.5 for miniSeal was 0,74 and for 0.84 for proSeal. 

For visual reference, true positives, FPs, and FNs shared by both models on the same 

threshold’s combination are presented in Appendix C. In this case, proSeal showed a 1.02 FP/ 

TP rate while miniSeal presented a rate of 1.13 FP/TP.  

mailto:mAP@0.0.0.3
mailto:mAP@0.0.0.3
mailto:mAP@0.0.0.3
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 The workload reduction achieved during inference evaluation was calculated for each 

model at the lowest confidence threshold (0.001) and IoU threshold (0.3). Based on the total 

number of tiles processed, the miniSeal model reduced the manual review workload by 

99.66%, while the proSeal model achieved a slightly higher reduction of 99.77%. In both 

cases, the models failed to detect 4% of the seals present in the dataset. 

Table 2. Inference results at different confidence and IoU thresholds for the miniSeal and 

proSeal models on Van Mijenfjorden 2025 annotated dataset.  

Model Conf. 

threshold 

IoU 

threshold 

TP FN FP Precision Recall F1- 

score 

AP 

0.001 0.3 102 4 1073 0.08 0.96 0.15 0.84 

0.01 0.3 97 9 194 0.33 0.91 0.48 0.84 

 

miniSeal 

0.5 0.5 66 40 9 0.88 0.62 0.72 0.74 

0.001 0.3 102 4 684 0.12 0.96 0.22 0.87 

0.01 0.3 96 10 116 0.45 0.90 0.60 0.87 

 

proSeal 

0.5 0.5 69 37 2 0.97 0.65 0.77 0.84 

 

Discussion 

All of the CV models trained in this study showed strong capabilities to localise seals 

accurately, while maintaining low rates of FPs, demonstrating their applicability in ringed seal 

monitoring. Both miniSeal and proSeal achieved the priority goal of the project by obtaining a 

high recall while maintaining adequate precision, despite the inherent challenges of detecting 

small animals such as ringed seals in sea ice environments. Achieving high recall was 

particularly important because if automated systems miss to many detections significant 

amounts of additional human workload are required for reviewing the images, whereas 

handling FNs through manual verification is generally less demanding and time consuming. 

Analyses of the efficacy of the models developed herein suggested that the human workload 

could be reduced by up to 99.77 %, from fully manual analyses of all images, when using the 

proSeal model on the Van Mijenfjorden external dataset. 

 When compared to other mammalian aerial monitoring studies with similar 

approaches, the models developed in this study showed a better recall (96%) for the target 

species, but with a slightly higher ratio of FP/ TP (7.7) in proSeal than in some other studies. 

For instance, Eikelboom et al. (2019) achieved a recall up to 95%, with rates of 5 false 
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positives per true positive, in aerial surveys for elephants (Loxodonta africana), zebras (Equus 

quagga) and giraffes (Giraffa camelopardalis). Their study used a test dataset that was 

considerably smaller (112 images) than Van Mijenfjorden 2025 (348288 tiles), but with more 

densely concentrated animals in the images. Similarly, Kellenberger et al. (2018) obtained 

high recall (90%) in aerial censuses for big mammals in the savanna while obtaining 870 FPs 

in a smaller test dataset (128 images) than Van Mijenfjorden 2025, where proSeal obtained 

684 FPs. Delplanque et al. (2022) also achieved reasonable recall (73%) levels for different 

African mammals, including buffalos (Syncerus caffer), elephants (Loxodonta africana) and 

warthogs (Phacochoerus africanus), with a low rate of FPs (1.7) per true positive. It might be 

possible to improve results for proSeal somewhat by optimizing precision at low confidence 

thresholds. However, this model was evaluated on a larger dataset than the other studies 

mentioned above, where the number of targets was very small (106 seals), which can explain 

the lower precision obtained for proSeal (and also miniSeal). 

 In addition to these general wildlife monitoring studies, research focused on CV 

models used to estimate abundance of phocid seals offer a closer comparison to the models 

developed in this project. YOLO-based models have demonstrated similarly high 

performance, across a variety of methodologies used for collecting images (aircraft vs UAS) 

and variations in background conditions. For example, in Ascagorta et al. (2025), models 

trained to detect elephant seals (Mirounga leonina) and South American sea lions (Otaria 

flavescens) achieved recall values between 0.68 and 0.95 and mAP scores ranging from 0.62 

to 0.98, depending on the target class. It is important to highlight that Ascagorta et al. (2024) 

used higher-resolution imagery and more annotated objects per class for training compared to 

the datasets used in this study. Given the similar results, despite the more limited data 

resources available in the current study, suggests quite good model performance by proSeal. 

Gonçalves et al. (2022) applied Convolutional Neural Network (CNN) architectures to detect 

pack-ice seals in Antarctica using satellite imagery with 0.34 m/pixel resolution. Their best 

test result yielded significantly lower performance (recall =0.37 and precision= 0.34) than the 

results obtained in this project. A subsequent, updated, version of the model developed in 

Gonçalves et al. (2022) named SealNet 2.0 accomplished improvements in the evaluation 

metrics using the same target species. This improved model achieved higher precision (0.806) 

and recall (0.640) than its predecessor, with a F1 score of 0,71. When compared with the 

results of this project, both the test and external set evaluations of the proSeal model exceeded 

these values, supporting the strong performance of the models developed herein. Nonetheless, 

differences in spatial coverage and the image resolution used in this study must be 

acknowledged. SealNet 2.0 relied on satellite imageries, while this study used UASs with 
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higher-resolution cameras, allowing for better identification and detection of individual 

animals in sea ice environments. These differences suggest that, despite the progress in 

satellite-based approaches, UASs-based imagery remains more suitable currently for the use 

of object detection models. 

 The good performance of the miniSeal model is especially notable considering the 

relatively small number of positive images in the dataset, which was addressed by 

implementing an aggressive data augmentation strategy during the preprocessing stage. This 

approach enhances model performance and robustness by exposing it to a broader range of 

visual conditions and increasing the number of positive samples in the training phase 

(Mumuni & Mumuni, 2022; Shorten & Khoshgoftaar, 2019; Xu et al., 2024; Zoph et al., 

2020).In addition, experiments on specific data augmentation techniques in the COCO and 

PACAL-VOC datasets showed improvements of +2.3 and +2.7 in the mAP metric, 

respectively (Zoph et al., 2020). Among the different existing data augmentation techniques, 

the use of Mosaic, employed in this project, has been shown to be particularly effective in 

improving the mAP metric in aerial images in YOLOv5 (Alin et al., 2023). For this reason, 

the use of data augmentation techniques has been widely employed in object recognition 

models for wildlife, obtaining good results in their performance, similar to the models trained 

here (Ascagorta et al., 2025; Delplanque et al., 2022; Gayá-Vilar et al., 2024; Gonçalves et 

al., 2022; Rančić et al., 2023; Rogers et al., 2025). 

 Although model performance was good, the results obtained by miniSeal demonstrate 

the clear potential for further improvement, through the expansion of the training dataset with 

more varied and higher quality images. Although there is no consensus on ideal dataset size, 

multiple studies highlight the importance of large and diverse (different background, object 

scales, lighting conditions, etc.) training datasets for improving model accuracy and 

generalisation capabilities (Alfred et al., 2025; Kuznetsova et al., 2020; Shahinfar et al., 2020; 

Sun et al., 2017; Wang et al., 2022; Zhao et al., 2019). This idea has also been proposed by 

framework developers such as Ultralytics, who recommend using at least 1500 images and 

10000 annotated objects or instances per class to ensure stable performance with the YOLOv5 

architectures (Ultralytics, n.d.).   

 The mediumSeal model outperformed the original miniSeal on all metrics when 

evaluated on the same test dataset. These results clearly show the importance of increasing the 

training dataset size with more and varied samples, which helped the model to learn to 

recognise specific characteristics of the target object and led to consistent improvements 

across all evaluation metrics, including recall, precision and mAP@0.5 (Ascagorta et al., 

2025; Kellenberger et al., 2018; Lee et al., 2022; Mou et al., 2023; Patel et al., 2025; Rogers 

mailto:mAP@0.0.0.5
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et al., 2025; Xu et al., 2024). Several studies using object detection models in wildlife 

monitoring have also shown that the use of large and diverse samples in the training sets 

helped to obtain good detection performance in aerial and satellite imagery. For instance, 

Rogers et al. (2025),  Mou et al. (2023) and Ascagorta et al. (2025) used large numbers of 

images with a high number of individuals labelled per class in their training dataset, leading to 

high performance in all metrics evaluated when assessing Salvin’s albatross (Thalassarche 

salvini), sheep, cattle, seals, camels, Tibetan wild asses, and zebras (no species specified in 

Mou et al., (2023)) and elephant seals and South American sea lions, respectively. In addition, 

Gongalvez et al. (2022) performed experiments to specifically evaluate model performance 

with increasingly larger training subsets on pack-ice seals in Antarctica, showing the 

enhancement in F1-score metric as larger number of images were used for training. 

 When evaluating and comparing proSeal and miniSeal models on an external dataset 

(Van Mijenfjorden 2025) used as a benchmark, proSeal outperformed miniSeal on all metrics. 

These results reinforce the idea that using larger, more diverse and complex dataset allows for 

a better generalization ability of the models, while maintaining good performance even when 

exposed to difficult images (Alfred et al., 2025; Kuznetsova et al., 2020; Sun et al., 2017; 

Ultralytics, n.d.; Wang et al., 2022; Zhao et al., 2019). Especially relevant is the better recall 

and precision of proSeal, which indicates an optimal balance between detecting more true 

positive seals, while reducing the number of false detections. Indeed, it has been shown that 

using the hard negative mining technique through the inclusion of difficult examples, 

enhances the model’s understanding of the objects, which reduces FPs and increases model 

robustness and performance. Using this technique, the proSeal model was exposed during 

training to false positives detected by miniSeal in the 2022 and 2025 images from the 

Isfjorden area. Other studies have successfully applied this technique for species monitoring 

or animal detection in aerial images, also achieving improvements in their model’s 

performance and showing its benefits for reducing the workload of manual verification in 

species monitoring (Bowley et al., 2018; Gonçalves et al., 2022; Kellenberger et al., 2018; 

Lee et al., 2022; Moreni et al., 2021; Peng et al., 2020). Kellenberger et al. (2018) showed 

that using a specific training set that includes a lot of images without the target species 

decreased the number of false positives and therefore, the quantity of images required for 

manual verification three-fold while increasing precision from 4% to 20%. Peng et al. (2020) 

also applied this sort of hard negative mining technique successfully in aerial surveys for 

detecting kiangs (Equus kiang), increasing the F1 metric from 0.44 to 0.86. Lastly, Moreni et 

al. (2021) reached a striking result using this technique, in their classification model for 

finding deer (Cervus elaphus) in aerial images. Other studies using non-aerial imagery for 
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species detection increased the mAP metric by 5 % using similar techniques, such as online 

hard example mining (OHEM) (Deng et al., 2021).  

  

 The high values of both mAP@0.5 and mAP@0.5:0.95 in the proSeal model, when 

compared to miniSeal reflect an improved localisation accuracy across a broader range of IoU 

thresholds, suggesting a more accurate and stable detection capability under variable object 

shapes, sizes, orientations and overlaps (Alin et al., 2023). This is especially relevant for 

identifying individuals in aerial images, where animals can appear in different positions, 

orientations, or partially occluded due to tile margins or difficult backgrounds. Other aerial 

studies focusing on a range of mobile species such as elephant seals, South American sea 

lions, elephants (Loxodonta africana), deers and reptiles that live in complex environments 

(i.e. in a modelling context - difficult backgrounds), have also achieved good  mAP0.5 values 

by applying similar training processes including tiling, data augmentation and hard negative 

mining, but with more positive images in general for training than the images used in this 

study (Ascagorta et al., 2025; Delplanque et al., 2022; Moreni et al., 2021; Rančić et al., 

2023).  

 There was a slight decrease in the evaluation metrics obtained on this study when an 

external test set was used, compared to the original test set for each model, with miniSeal 

suffering the largest impacts. proSeal did also experienced a decrease, suggesting that both 

models perform worse with external or larger real-world datasets than the ones used for 

validation and testing. In light of these findings, several limitations of this study and potential 

improvements for future monitoring approaches can be identified. The performance difference 

between miniSeal and proSeal show that having sufficiently large and diverse test datasets is 

critical for accurately measuring generalisation capabilities (Xu et al., 2024). Thus, the 

relatively small numbers of images in the models’ test sets may have been insufficiently 

representative for the detection tasks that were evaluated. In contrast, the external dataset used 

for inference evaluation was composed of a number of tiles an order of magnitude larger than 

the model´s respective test sets , providing better generalised performance evaluation. 

However, this larger test dataset size also increased the likelihood of detecting FPs and 

therefore reducing the reported precision metrics. The tiling process is another factor that 

might have influenced the results. Dividing images into smaller tiles can lead to the same 

object being split across multiple tiles, which may result in duplicate false positives or false 

negatives being counted by the model.  

 Background complexity also played a critical role in model performance in the 

external dataset, particularly when the external dataset contains visual conditions not 

mailto:mAP@0.0.0.5
mailto:mAP@0.5:0.95
mailto:mAP@0.0.0.5
mailto:mAP@0.5:0.95
mailto:mAP@0.5:0.95
mailto:mAP@0.5:0.95
mailto:mAP@0.5:0.95
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mailto:mAP@0.5:0.95
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presented to the models during training (Eikelboom et al., 2019; Xu et al., 2024). For 

example, several pictures in the external dataset were captured above glaciers and rugged 

terrain, conditions to which the models had not been previously exposed. Indeed, the fractures 

between sea ice blocks that naturally occur toward the frontal areas on glaciers creates black 

silhouettes that can lead to a misidentification of seals. These specific challenges on sea ice 

have been reported previously for object detection models applied to aerial images of pack-ice 

seals in Antarctica (Gonçalves et al., 2020, 2022). These observations indicate the importance 

of continuing to train the models with more diverse images until a suitable threshold is 

reached. It is also possible to remove images before exposing the model to them in future 

inference monitoring situations. Indeed, there is no need for the models to analyse 

photographed areas where no seals are expected, such as on top of glaciers.  

 Despite being the most underrated feature of model training and evaluation, the 

quality and resolution of the images is what determines the general performance of the model 

and therefore is a factor that has likely affected the external dataset and all dataset evaluations 

(Al-Refai et al., 2025; Rabbi et al., 2020; Rey et al., 2017; Sun et al., 2017). This factor is 

especially relevant in model performance on small sized targets, a limitation previously 

described in several studies (Lawrence et al., 2023; Rančić et al., 2023). Blurry images, taken 

in poor light conditions, or the presence of clouds, movement of the drone due to wind or the 

position of the seals can lead to confusion for both models and human eyes, preventing 

correct detections of seals. Addressing this limitation by making use of higher resolution 

cameras would be expected to drastically increase model performance, simply by improving 

the quality of the images taken (Rey et al., 2017). Therefore, future work should prioritise 

expanding the dataset, particularly with high-quality images from different sea ice conditions. 

Furthermore, an increase in image quality could also eventually lead to the use of more 

sophisticated techniques such as object segmentation and facilitate being able to determine 

body size measurement of seals from survey images (Infantes et al., 2022). Another possible 

options to explore would be the use of thermal imagery, which has shown good results in 

aerial monitoring of ringed seals in Canada and in pilot studies for walrus in Russia (Burn et 

al., 2009; Young et al., 2019).  

 Future studies could also focus on adapting or modifying the architecture of the 

algorithms to enhance the general performance of the proSeal model. Architectural 

adjustments have shown promising results in previous studies targeting small object 

detections in aerial images. For instance, Mou et al. (2023) reported improved performance by 

integrating a Squeeze-and-Excitation (SE) channel mechanism into the YOLOv7 architecture 

for wildlife aerial imagery. This SE channel, which helps the model to focus on the most 
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important features by giving more weight to the most relevant channels and reducing the 

influence of the less useful ones, enhanced the model's ability to extract and fuse multiscale 

features. This increased the mAP@0.5 and precision metrics in small wildlife target detection 

tasks, although it led to a slight reduction in recall compared to the baseline YOLOv7 model. 

However, the effectiveness of such approaches likely depends on the specific size and 

characteristics of the target species as well as the complexity of the environments in which 

they are surveyed. Moreover, the additional technical complexity required to implement and 

optimize these architectures can present challenges, particularly when improvements in model 

performance might also be achieved through simpler strategies such as increasing training 

dataset size and image quality. Therefore, architectural modifications might be best 

considered as a secondary step, once gains from dataset expansion and data quality 

enhancement have reached their limits. 

 The application of CV models and ML, such as those developed here, represents a 

powerful step forward in wildlife monitoring. The models developed and evaluated herein 

demonstrate significant potential to be effective tools for rapid, accurate and low-cost 

automated monitoring of ringed seals in aerial imageries. Their adaptability will allow for use 

of these models to detect other Arctic species that exist in sea ice habitats, enhancing wildlife 

monitoring in this environment. Their deployment could substantially reduce manpower and 

operational costs, offering a reliable solution for improving the efficiency of future survey 

efforts.   

 

 

Aim #2: Ringed seal abundance in western Svalbard  

Introduction 
Ringed seal pup production in Svalbard was estimated to be circa 20000 pups in the late 

1980s (Smith & Lydersen, 1991). Two decades later, ringed seal population abundance across 

the Svalbard Archipelago was estimated in 2002 via aerial surveys, producing an estimate 

between 6332–9085 individuals (Krafft et al., 2006). Although this number was clearly a 

minimal estimate because of limited coverage in the north and east of the archipelago, 

numbers were less than would have been predicted compared to the earlier pup production 

values.  In 2023, ringed seals were estimated in the Isfjorden complex with the results 

suggesting a 46% decline in this area between the 2002 survey and the present ( Rams i Rios 

et al., 2025). But it is not known if this apparent trend is real, or if 2023 was an anomalous 

year. Consequently, more information is needed about the current population abundance of 

ringed seals, and a proper monitoring system should be designed and implemented to track 
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the population trends given their Vulnerable status (Kovacs et al., 2024; Lydersen et al., 2014; 

Nater et al., 2024). 

 Several methods have been used to monitor the abundance and distribution of ringed 

seals (Alves et al., 2014; Krafft, et al., 2006; Lydersen et al., 2017). This species is 

challenging to estimate because of the vastness of their range(s), climatic conditions in the 

Arctic and the fact that not all animals are on the surface even during the moult, necessitating 

the use of correction factors for the proportion of animals in the water (Krafft et al., 2006). 

Addressing all of these issues makes ringed seals surveys economically and logistically 

challenging (Laidre et al., 2015). Direct observations are possible on very limited scales, but 

extrapolating to larger areas produces questionable results (Hodgson et al., 2018; McIntosh et 

al., 2018).  

 The development of aerial surveys has overcome some of the challenges in surveying 

ringed seals, enabling coverage of large areas with adequate resolution to identify individuals, 

such that they can be counted. However, manned aircraft studies have high operational costs 

especially in remote and challenging environments, such as those in the Arctic (Aniceto et al., 

2018; Ferguson et al., 2018; Johnston et al., 2017; Krafft et al., 2006; Wang et al., 2019). 

Moreover, these methodologies pose safety risks to humans and potential for disturbance of 

wildlife, indicating the need for better approaches (Born et al., 1999; Colefax et al., 2018; 

Palomino Gonzalez et al., 2021; Wang et al., 2019).  

 The successful development and emergence of new surveying techniques using UASs 

has helped to address these challenges, improving and easing the traditional directly detection 

of species (or their proxies). UASs are becoming an essential tool for species monitoring, 

especially for marine mammals (Álvarez-González et al., 2023). UASs possess a number of 

advantages over traditional survey methods. They are a less-invasive, time-efficient and cost-

effective alternative, which also offers a high-resolution coverage (Cleguer et al., 2021; 

Krause et al., 2021; McIntosh et al., 2018; Sorrell et al., 2019; Palomino Gonzalez et al., 

2021). An essential advantage of this methodology is the improvement in animal counts in 

comparison with traditional methods such as ground counts and direct observations from 

manned aircraft (Hodgson et al., 2018). Furthermore, UASs are becoming quite accessible, 

affordable and simple to use, while traditional surveys usually imply a higher degree of 

professional expertise, operational cost and safety concerns for researchers (Aniceto et al., 

2018; Cleguer et al., 2021; Wang et al., 2019). UASs are becoming an efficient and reliable 

tool for regular species monitoring that can permit assessment of the population size and 

trends, which is essential information for conservation managements strategies.    
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 Here, UASs were used to replicate aerial surveys conducted in 2002 and 2023 in the 

Isfjorden area in Svalbard, in addition to performing the only recent surveys in Van 

Mijenfjorden and Kongsfjorden. The imagery collected during surveys was analysed both 

manually and by making use of the object detection model developed in this study. These 

surveys allowed the estimation of abundance and density of ringed seals in selected areas in 

western Svalbard and to compare the results with previous surveys to quantify changes in the 

population size and interannual variability. In addition, changes in the marine environment 

were evaluated at the time the surveys were conducted by comparing sea ice extent across the 

years in the areas surveyed.  

Materials and methods 

Data collection  

UAS surveys for hauled-out ringed seals were conducted in selected ice-covered fjords in 

Spitsbergen, including the Isfjorden complex, Van Mijenfjorden and Kongsfjorden, Svalbard, 

during the period between 14 May and 10 June in the years 2023, 2024 and 2025 (Table 3). 

The surveys were conducted in the afternoons on days with low wind speed and clear skies, 

which are known to be the preferable haul-out conditions for ringed seals during the moulting 

season (Carlens et al., 2006). The survey results from 2023 in Isfjorden are already published 

(Rams i Ríos, 2024) but are included herein to explore interannual variability in the Isfjorden 

area.  

 

Table 3. Location and dates of the aerial surveys throughout the study period. 

Area / Survey 

dates per year 

Area 2023 2024 2025 

Borebukta 19/ 05 - 21/ 05 

Ekmanfjorden 28/ 05 30/ 05 19/ 05 

Dicksonfjorden 02/ 06 27/ 05 16/ 05 

Billefjorden 24/ 05 22/ 05 18/ 05 

 

 

Isfjorden 

Tempelfjorden 19/ 05 29/ 05 17/ 05 

Kongsfjorden  - 14, 17, 18, 19/ 05 - 

Van Mijenfjorden  - 08, 10/ 06 01, 02/ 06 
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The equipment used during the surveys included two fixed wing UASs - VTOL DeltaQuad 

Pro #MAP (DeltaQuad: https://www.deltaquad.com/vtol-drones/map/#specifications), which 

were equipped with Sony ILCE-6000 cameras (SONY: 

http://www.sony.co.uk/electronics/interchangeable-lens-cameras/ilce-6000-body-

kit#product_details_default). A Starlink internet antenna (Starlink: 

https://www.starlink.com/specifications) based on land provided access to the internet so that 

the flight plans could be adjusted if necessary. 

 The equipment was transported to the different survey sites either in rigid inflatable 

boats (RIBs) or by helicopter in the case of Van Mijenfjorden. Launch sites for the UASs 

were established either on the sea-ice edge or along shorelines close to the sea ice areas about 

to be surveyed. From the base, UASs were launched to carry out the survey in the planned 

area at an altitude of 120 m. They followed a grid pattern with 5% overlap between flights 

defined in a proprietary flight mission planning software (QGroundControl; 

https://docs.qgroundcontrol.com/).  

 The flight duration for each survey was primarily determined by the distance between 

the UAS take-off point and the designated survey area, relative to the battery capacity of both 

the UAS and camera. Images were captured automatically at pre-defined waypoints triggered 

by the flight plan and stored on a SD card in the camera. Data were transferred to an external 

hard drive after each flight. To avoid double-counting seals in overlapping images, the edges 

were inspected manually to ensure that one and the same seal was counted only once. 

Furthermore, the flight logs from the UASs were transferred to an external hard drive at the 

end of each day for the calculation of the actual areas surveyed. 

Landfast sea ice coverage 

Landfast sea ice extent in the fjords at the time of the surveys was calculated (km2) from ice 

charts in ESRI shapefile format (Operational Sea Ice Service of the Norwegian 

Meteorological Institute). These ice charts include information on sea ice concentration and 

landfast sea ice delineation, based on a variety of satellite data sources—primarily Synthetic 

Aperture Radar (SAR) data from Sentinel-1 or Radarsat, combined with optical data from the 

Moderate Resolution Imaging Spectroradiometer (MODIS) and the Visible Infrared Imaging 

Radiometer Suite (VIIRS) (Copeland et al., 2024). Sea ice is categorized on the ice charts 

based on the level of sea ice concentration in 7 subcategories. For the purpose of this study, 

we focused exclusively on the landfast sea ice category; ice that makes contact with the 

shorelines, which is the ringed seals preferred habitat.  

http://www.sony.co.uk/electronics/interchangeable-lens-cameras/ilce-6000-body-kit#product_details_default
http://www.sony.co.uk/electronics/interchangeable-lens-cameras/ilce-6000-body-kit#product_details_default
https://www.starlink.com/specifications
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 Landfast ice data were processed using QGIS software (QGIS 3.28.10; QGIS, 2023), 

in a North Pole Lambert Azimuthal Equal Area projection (ESRI:102017) to ensure accurate  

area and distance measurements. Landfast ice extent data for each surveyed fjord in each year 

was obtained by selecting either the exact date of the survey or the closest available ice-chart 

available (within ±1 day). These data were processed in QGIS as polygon vector layers using 

the Field Calculator tool in QGIS to calculate the landfast ice area (km²) for each fjord on the 

survey date. Finally, the landfast ice extent recorded on the survey dates for each fjord, and 

for the wider Isfjorden area, were compared with the landfast ice extent reported by Krafft et 

al. (2006) during a manned aircraft aerial surveys of Isfjorden, Van Mijenfjorden and 

Kongsfjorden conducted between 11- 20 June in 2002. Subsequently, the percentage 

reduction in landfast ice coverage was computed for each area to quantify the relative change 

over time. 

Ringed seals abundance and density 

To calculate the total abundance and density of ringed seals within each ford, the same 

methodology applied previously by  Krafft et al. (2006) and Rams i Rios (2024) was used. 

The images obtained in the aerial surveys were sorted by fjord and year and then stored in an 

external hard drive. The images were uploaded to Roboflow, where they were analysed (see 

chapter 1 for analytical details).  

During aerial surveys, a fraction of the fjord (qi) was covered by a specific number of images 

(ri). The number of visible seals (yi,j) present on each image j (j = 1…, ri) was manually 

counted to determine the number of observed seals in each fjord,  𝐾𝑖 (𝐾𝑖=∑𝑟𝑖
𝑗=1 𝑦𝑖𝑗). 

Considering that this number represents only a fraction because the entire area of ice was not 

covered by images, the total abundance of seals hauled out on the sea ice was calculated as  𝑌𝑖

=𝐾𝑖 𝑞𝑖. Since the aerial surveys covered a large proportion of the landfast ice in each fjord 

(Table 2.3), and because the images were evenly distributed across the entire fjord, the images 

were considered a random sample of the entire landfast ice area in each fjord. Thus, the 

standard estimation method for sampling variance was applied because the samples are taken 

from a finite population without replacement.  

𝑣ar 𝑌𝑖 =
𝑟𝑖

𝑞𝑖
-𝑟𝑖

𝜎𝑖

𝑞𝑖
 

where 𝜎 is the empirical variance in the number of seals between the inspected images.  
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𝜎𝑖=

𝑟𝑖

𝑗=1

𝑦𝑖𝑗-𝑦𝑖
2

𝑟𝑖-1
 

To estimate the total abundance of seals in each fjord, including seals that were not hauled out 

on sea ice during the aerial survey, a correction factor based on observed haul-out behaviour 

was applied. This factor was derived from a study of ringed seal haul-out behaviour in 

Svalbard during the moulting period by Carlens et al. (2006) and subsequently used by Krafft 

et al. (2006) to model the proportion of seals hauled out on any given date, time of day, and 

under various meteorological conditions. Herein, this model is used as a correction factor to 

estimate the proportion of seals that were hauled out at the time of the survey and then used to 

create an estimate (with associated levels of uncertainty) of the total number of seals present 

in each fjord. To estimate the combined uncertainty from the survey counts and the haul-out 

correction factor, the variance of the total abundance estimate was calculated using the delta 

method. The abundance data calculated is expressed accompanied by the standard error (SE) 

throughout, unless otherwise noted. 

𝜎𝑁=𝑁· (
𝜎𝑌

𝑌 )
2
+ (

𝜎𝑝

𝑝 )
2
 

Finally, the density of ringed seals for each fjord was calculated by dividing the estimated 

total number of seals hauled out by the area of sea ice at the time each fjord was surveyed. 

The average density for all of Isfjorden was calculated as the arithmetic mean between fjords, 

and across years.  

Results 

Landfast sea ice coverage 

The landfast sea ice extent varied greatly between fjords within the same year, and between 

years for the same fjord on the days surveyed (Fig. 5, Table 4). For example, the landfast sea 

ice cover within the Isjorden region ranged from 10.4 km2 in Borebukta to 148 km2 in 

Dicksonfjorden and constituted a total area of 288.4 km2 in 2023. The landfast sea ice cover 

ranged from 36.3 km2 in Borebukta to 171.4 km2 in Ekman-Nordfjorden, for a total of 525.2 

km2 in 2024. Finally, the landfast sea ice extent varied from 41.4 km2 in Borebukta to 159.5 

km2 in Dicksonfjorden in 2025. Despite the variability between years, the average landfast sea 

ice extent for Isfjorden (422.4 km2) suggests a reduction of 65.3% in landfast sea ice coverage 

in the recent period compared with the 2002 survey period.  
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Figure 5. Landfast sea ice extent in surveyed fjords within the Isfjorden complex and total 

landfast sea ice extent in the region at the time the surveys took place. For the landfast sea ice 

extent calculation, Ekmanfjorden landfast ice coverage is combined with Nordfjorden. *In 

Borebukta 2024, the day that the survey was planned was chosen for landfast sea ice extent 

calculations, despite no survey being carried out. 

 

The temporal variability in landfast sea ice cover during the study period within Isfjorden was 

especially marked in Borebukta (10.4 km2 in 2023 and 41.3 km2 in 2025), Ekman-

Nordfjorden (67.5 km2 in 2023 and 171.4 km2 in 2024) and Billefjorden (20.9 km2 in 2023 

and 97.9 km2 in 2024) (Fig. 5, Table 4 ). Dicksonfjorden and Tempelfjorden remained 

relatively stable throughout the recent survey years.   

 All areas surveyed showed a reduction in sea ice extent compared to the 2002 survey 

period. Ekman-Nordfjorden had the greatest landfast sea ice reduction (82.5 %), followed by 

Billefjorden (65.0%), Tempelfjorden (40.3%), Borebukta (36.5%) and Dicksonfjorden 

(27.1%) (Table 4).   

 

Table 4. Landfast sea ice extent (km2) on the survey dates during 2002 and 2003, and across 

this study´s survey period. For the sea ice extent calculation, Ekmanfjorden sea ice extent is 

combined with that of Nordfjorden. *In Borebukta 2024, the day that the survey was planned 
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was used for sea ice extent calculations, despite no survey being conducted that day. *In 

Kongsfjorden, the same date as in 2024 was chosen to calculate the landfast ice in 2023 and 

2025, despite no survey being conducted that day. *In Van Mijenfjorden 2023, the date 

chosen to calculate the landfast sea ice was 9 June 2023, despite no survey effort taking place 

that day. 

 

In Kongsfjorden, the landfast sea ice extent measured during the 2024 survey was 66.54 km², 

representing an average reduction of 56.5% compared to the extent observed during the 2002 

survey. In Van Mijenfjorden, landfast sea ice extent during the 2024 (199.3 km²) and 2025 

(231.0 km²) surveys remained relatively stable. However, when compared to the landfast sea 

ice extent during 2002, the average extent of landfast sea ice has decreased by 76.3% in this 

fjord. 

Ringed seals abundance and density 

The area of landfast sea ice surveyed, the estimated number and density of seals hauled out on 

the landfast sea ice, as well as the total estimated number of seals in each area (and for the 

Isfjorden region) during the survey period are presented in Table 2.3 and illustrated in Figure 

2.3.  

 Considering the whole of the Isfjorden area, a total of 328, 162 and 206 ringed seals 

were observed in the drone images from 2023-2025, resulting in average densities of 2.42, 

1.13 and 1.38 seal/km 2, respectively. When these densities were extrapolated to the total fast 

ice extent present during each survey, the estimated number of ringed seals hauled out on the 

Area 2002 

(km2) 

2023 

(km2) 

2024 

(km2) 

2025 

(km2) 

Average 

23-25 

(km2) 

Average 

Reduction (%) 

Kongsfjorden 84.4 27.5* 66.5 16.0* 36.6 56.5 

Borebukta 46.3 10.4 36.3* 41.4 29.3 36.5 

Ekman-Nordfjorden 679.6 67.5 171.4 116.8 118.5 82.5 

Dicksonfjorden 208.9 148.6 148.6 159.5 152.2 27.1 

Billefjorden 190.7 20.9 97.9 81.3 66.7 65.0 

Tempelfjorden 92.3 40.8 70.7 54.3 55.2 40.3 

Isfjorden 1217.8 288.4 525.2 453.6 422.4 65.3 

Van Mijenfjorden 844.2 168.6* 199.3 231.0 199.6 76.3 
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sea ice was 756 (±36), 522 (±38), and 582 (±36). Finally, applying a correction factor to 

account for the total number of ringed seals present in the area including those who were not 

hauled out on sea ice, a total of 1470 (±323), 1098 (±226) and 1026 (±142) ringed seals were 

estimated to be present in Isfjorden for 2023, 2024 and 2025, respectively.  

 These numbers represent an average reduction of 62,6% in ringed seal abundance in 

Isfjorden area compared to the estimates obtained during the 2002 aerial survey. However, the 

reduction is not uniform across the surveyed fjords as we can observe in Dicksonfjorden, with 

an average estimated number of ringed seals (490 ± 63) almost twice as high as that reported 

in 2002 (Table 5, Fig. 6).  

 The average density of hauled-out seals in the fjords across the present study period 

decreased from 1,85 seals/km2 in 2002 to 1,65 seals/km2 for this study period 2023-2025. 

Densities for ringed seals were higher across the present surveys for Borebukta, 

Ekmanfjorden and Dicksonfjorden but lower for Billefjorden and Tempelfjorden when 

compared to the 2002 survey (Table 2.3, Fig. 2.3).



33 

 

Table 5. Estimated number of ringed seals hauled out, ringed seals density and estimated total number of ringed seals in the surveyed fjords 

in western Svalbard, in 2023, 2024 and 2025. 

Year Area Total area of 
fast ice 
(Km2)

Area of fast 
ice surveyed 

(Km2)

Fraction of total 
fast ice 

surveyed (%) 

Nº of images 
inspected

Nº of seals 
counted on 

images

Estimated nº of 
seals hauled out on 

the fast ice (SE)

Estimated density of 
hauled-out seals 

(Km-2) (SE)

Proportion of seals 
estimated hauled 

out (SE)

Estimated total nº 
of seals in the 

fjord (SE)

Estimated total 
nº of seals in 

Isfjorden (SE)

2023

Borebukta 10.39 5.52 53.14 371 15 28 (±5) 2.71 (±0.51) 0.67 (±0.01) 41 (±8)

1470 (±323)
Ekmanfjorden 67.49 26.10 38.67 1555 144 372 (±36) 5.51 (±0.54) 0.52 (± 0.01) 716 (±108)

Dicksonfjorden 148.69 68.68 44.17 2293 131 296 (±21) 1.99 (±0.14) 0.48 (±0.08) 617 (±211)

Billefjorden 20.935 12.34 58.96 401 7 11 (±3) 0.56 (±0.17) 0.61 (±0.02) 19 (±5)

Tempelfjorden 40.88 25.65 62.73 1618 31 49 (±5) 1.20 (±0.13) 0.64 (±0.01) 77 (±10)

2024

Ekmanfjorden 112.67 29.31 26.01 863 56 215 (±29) 1.91 (±0.25) 0.42 (±0.04) 512 (±103)

1098 (±226)
Dicksonfjorden 148.68 47.59 32.00 1835 70 218 (±25) 1.47 (±0.16) 0.51 (±0.01) 428 (±63)

Billefjorden 97.99 28.43 29.01 1008 14 48 (±14) 0.49 (±0.15) 0.69 (±0.08) 69 (±20)

Tempelfjorden 70.77 37.72 53.30 1234 22 41 (±8) 0.58 (±0.12) 0.46 (±0.04) 89 (±16)

Van Mijenfjorden 199.32 67.02 33.62 2713 78 231 (±24) 1.16 (±0.12) 0.35 (±0.03) 662 (±126)

Kongsfjorden 66.54 24.82 37.30 2254 34 91 (±17) 1.36 (±0.26) 0.51 (±0.07) 177 (±49)

2025

Borebukta 33.31 14.17 42.55 628 26 61 (±13) 1.83 (±0.41) 0.51 (±0.01) 118 (±18)

1026 (±142)

Ekmanfjorden 82.20 30.97 37.40 1736 69 184 (±19) 2.22 (±0.23) 0.67 (±0.01) 273 (±35)

Dicksonfjorden 159.56 40.00 25.07 2051 55 219 (±28) 1.37 (±0.17) 0.51 (±0.07) 426 (±118)

Billefjorden 81.34 37.92 46.62 1949 21 45 (±7) 0.55 (±0.09) 0.67 (±0.01) 66 (±8)

Tempelfjorden 54.36 25.74 47.35 1260 35 73 (±9) 1.35 (±0.17) 0.51 (±0.07) 143 (±39)

Van Mijenfjorden 231.05 73.018 31.60 3634 76 240 (±30) 1.04 (±0.13) 0.48 (±0.08) 501 (±171)
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In Borebukta, the abundance estimates decreased from 137 (±29) seals in 2002 to 79 (±38) 

seals during the 2023-2025 period. At the same time the average density of hauled out seals 

increased from 1.15 seals/km2 in 2002 to 2.27 seals/km2 in 2023-2025.  

 Ekmanfjorden experienced a marked decrease in ringed seals abundance from 1142 

(±149) seals in 2002 to an average of 500 (±128) seals in the period 2023-2025, while the 

density increased substantially from 0.83 to 3.21 seals/km2.  There was strong interannual 

variability, with mean numbers indicating a potential decline throughout the study period.  

Contrary to the other fjords, Dicksonfjorden seal abundance increased, as did seal hauled out 

density, increasing from 268 (±52) to 490 (±63) seals and from 0.5 to 1.68 seals/km2 in 2002 

and the 2023-2025 period, respectively.  

 The most dramatic decreases in seal abundance occurred in Billefjorden and 

Tempelfjorden, changing from 577 (±99) and 1142 (±187) seals in 2002 to an average of 

51(±16) and 103 (±20) seals in the 2023-25 period, respectively. The same reduction was seen 

in haul-out densities, decreasing from 1.34 and 5.47 seals/km2 in 2002 to an average of 0.53 

and 1.04 seals/km2 during the study survey period for Billefjorden and Tempelfjorden, 

respectively.  

 The numbers and densities of seals in Kongsfjorden also decreased in the surveys 

conducted in this study compared to 2002, dropping from 480 to 177 seals with density 

changing from 1.91 to 1.36 seals/km2. 

 Lastly, the abundance in Van Mijenfjorden obtained during the study period was also 

low compared to the 2002 and 2003 aerial survey data available for this fjord. Seal abundance 

decreased from an average of 1131 (±207) seals to an average of 581 (±80) seals, while the 

density increased from 0.47 to 1.1 seals/km2.  
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Figure 6. Abundance and density of ringed seals in the fjords surveyed across the study 

period (2023, 2024 and 2025) and the survey data in 2002. *Lack of landfast sea ice in 

Kongsfjorden during 2023 and 2025 prevented meaningful aerial surveys. Similarly, logistic 

difficulties prevented aerial surveys in Van Mijenfjorden in 2023. 
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Discussion 

Both ringed seal abundance and landfast sea ice cover have declined over the last two 

decades, with the large reduction in landfast sea ice cover resulting in an overall increase in 

the density of ringed seals within their remaining fjord habitats. The major reduction in 

landfast sea ice cover observed in this study is likely to have played a major role in the 

declines in ringed seals abundance in the region, with an average decrease of 62.6 % in the 

Isfjorden area since 2002 (Krafft et al, 2006). Interannual differences in landfast sea ice cover 

between 2023-2025 were notable within regions, most likely leading to simultaneous 

interannual variability in ringed seal abundance and density across fjords that are in close 

proximity. The most critical factor influencing the abundance and density of ringed seals is 

the amount of available, stable sea ice, which they rely on for the construction of birth lairs 

and other important life-history events (Lydersen, 1998; Lydersen & Gjertz, 1986). During 

the moulting season, which occurs later in the spring, the number of seals hauled out on the 

ice is not expected to be affected by social dynamics such as territorial exclusion, which does 

occurs during the breeding season (Krafft et al., 2007; Smith & Hammill, 1981). Moreover, 

ringed seals minimize foraging activity during the moult in favour of extended resting time on 

the sea ice, suggesting the absence of intraspecific competition for resources that might 

exclude individuals from specific areas (Lydersen, 1998; Ryg et al., 1990; Thometz et al., 

2021) . Therefore, the observed density increase is not expected to influence the number of 

ringed seals hauled out on sea ice via the existence of a density threshold, which could lead to 

underestimating the numbers of ringed seal present in the study area. Increasing ringed seal 

density on sea ice has been also reported in Alaska as a consequence of reduced sea ice extent 

in recent years (Lindsay et al., 2023).  

 Ringed seals are ice-obligate pinnipeds that rely on stable sea ice for all stages of their 

life cycle, including moult (Lydersen et al., 2014). In Svalbard, the moulting period occurs 

from mid-May to early July, with a haul-out peak in the first week of June (Carlens et al., 

2006). During this period, the highest fraction of the ringed seal population is hauled out on 

the ice, making it the preferred time for visual surveys—such as those conducted in mid-June 

2002 by Krafft et al. (2006). However, under current conditions, conducting surveys at that 

time would risk encountering little or no sea ice. To avoid this, aerial surveys were carried out 

several weeks earlier than Krafft et al. (2006), when a large fraction of the population was still 

expected to be hauled out, according to Carlens et al. (2006). 
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Landfast sea ice cover in the Isfjorden complex as a whole has declined by 65.3% since 2002. 

A similar 76.3% reduction was observed in Van Mijenfjorden when compared with 2002, 

while Kongsfjorden showed a lower 55.5% landfast sea ice extent reduction, though the year 

surveyed had anomalously high landfast sea ice coverage compared to all other years in the 

last two decades. These findings are consistent with the well-documented ongoing decline in 

sea ice extent in Svalbard, particularly in western Spitsbergen (Dahlke et al., 2020; 

Muckenhuber et al., 2016; Pavlova et al., 2019). These changes have been caused mainly by 

the Atlantification process, driven by increased intrusion of warm Atlantic Water (AW)via the 

West Spitsbergen Current, even though other factors such as wind patterns, depth, fjord 

morphology (open vs sill fjord, etc) and geographical characteristics might also influence this 

regime change on local scales (Isaksen et al., 2022; Muckenhuber et al., 2016; Nilsen et al., 

2008; Pavlova et al., 2019; Urbański & Litwicka, 2022). This process accelerated following a 

major AW inflow into the fjords on the west side of Spitsbergen in 2006, which triggered a 

massive decline in sea ice extent that has remained since (Dahlke et al., 2020; Muckenhuber 

et al., 2016; Pavlova et al., 2019; Urbański & Litwicka, 2022). The landfast sea ice declines 

reported here also support an earlier breakup of landfast sea ice in late spring, a process that 

has been also previously described in the fjords studied (Laidre et al., 2015; Muckenhuber et 

al., 2016; Pavlova et al., 2019). Indeed, historical data showed a landfast sea ice breakup in 

Van Mijenfjorden occurred in July during the 1980s through to the early 2000s, while we 

document significantly earlier breakup occurring in the first week of June in both 2024 and 

2025 (Høyland, 2009). 

 The landfast sea ice extent recorded in Kongsfjorden in 2024 was anomalously high in 

terms of recent decades, enabling aerial monitoring of ringed seals in this fjord—an 

opportunity not possible in previous years or during the 2025 field season due to the virtually 

absence of landfast sea ice during the winter and spring in this area (Lydersen & Lowther, 

pers. comm.). This variability in the landfast sea ice extent has been regularly reported for this 

fjord since 2006, with alternating periods of several years with relatively high landfast sea ice 

cover followed by years of low coverage (Pavlova et al., 2019).  It is important to note that 

the landfast sea ice extent calculations here are constrained by the spatial resolution of the ice 

charts used (Copeland et al., 2024). For some fjords—such as Borebukta in 2025-, landfast 

sea ice appeared in the Ice charts in areas where tidewater glaciers or open ocean were clearly 

visible in the images and during onsite fieldwork. This bias in the sea ice charts could result in 

overestimated landfast sea ice area and, consequently, overestimated ringed seal abundance. 
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This discrepancy arises from the resolution (40-100 m) of the Norwegian Meteorological 

Institute’s satellite data, which make it challenging to distinguish landfast sea ice from nearby 

very close drift ice in some cases. However, despite the fact that resolution could affect 

precise values of ice-cover areas in some fjords, it does not change the declining trends that 

are clear for landfast sea ice cover within the fjords of Svalbard. 

 When examining each surveyed fjord individually, variations in both abundance and 

density of ringed seals become evident, most likely reflecting differences in the specific 

physical and environmental characteristics of each fjord within the study area. For instance, 

Kongsfjorden showed both a lower density and a smaller number of ringed seals in 2024 

compared to 2002, suggesting that seal abundance has declined at a faster rate than landfast 

sea ice extent in this fjord. However, the abundance or ringed seals in this fjord was estimated 

during a year of exceptionally high sea ice extent, which may explain the lower density 

observed. The open morphology of the fjord’s mouth promotes early landfast sea ice breakup 

through wind and wave action, as well as increased exposure to AW, while the presence of 

islands within the fjord helps retain stable landfast sea ice for longer in its innermost parts 

(Pavlova et al., 2019). During spring ringed seals typically occupy areas with stable landfast 

sea ice and sufficient snow accumulation for lair construction (Lydersen, 1998; Lydersen et 

al., 2014). Landfast ice areas close to tidewater glaciers, where calved ice pieces from the 

glaciers are frozen into the sea ice and around which snow accumulates are the optimal 

breeding habitats for ringed seals in Svalbard (Lydersen, 1998; Lydersen et al., 2014).  

 Kongsfjorden contains five tide water glaciers that historically have created good 

breeding conditions for ringed seals (Lindbäck et al., 2018). Previous aerial surveys 

confirmed the importance of this fjord for this species, with an estimated 480 seals in 2002 

(Krafft et al., 2006). However, tidewater glaciers in Kongsfjorden have retracted in recent 

decades, with some of them transitioning to land-terminating glaciers (Foss et al., 2024; 

Geyman et al., 2022; Li et al., 2025; Lindbäck et al., 2018). In addition, the landfast sea ice 

extent has decreased drastically, if it forms at all during winter (Pavlova et al., 2019). These 

suboptimal environmental conditions over a prolonged period explain the current low number 

of ringed seals estimated within the fjord (177 individuals) in 2024. The extensive landfast 

sea ice cover in 2024 compared to the near-total absence of ice in 2023 and 2025 emphasizes 

the current variability in the marine system in Svalbard. However, these findings suggest that 
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close very low recruitment has occurred over many years in Kongsfjorden and fewer and 

older seals remain in the fjord.  

 In contrast, Van Mijenfjorden has never been considered an optimal breeding fjord for 

ringed seals due the limited availability of glacier ice or other structures that enable snow 

accumulation for lairs construction (Lydersen et al., 1990). Despite this, and despite declines 

in both seal numbers and sea ice extent since 2002, Van Mijenfjorden consistently had the 

highest number of ringed seals among the surveyed fjords during this study. This finding is in 

agreement with past observations of high seal concentrations in areas that have ice, when 

there is limited landfast sea ice overall at the time of the moult (Lydersen et al., 2014), 

suggesting that the extensive landfast sea ice coverage retained in this sill fjord, even if 

suboptimal for breeding, provides a key moulting habitat. The physical characteristics of this 

fjord, with a long island covering most of the western entrance promotes ice formation and 

protects landfast sea ice from wave action from the west, making this area a relatively 

predictable haul-out area that may attract ringed seals from afar to come here to moult. Future 

research should examine differences in abundance and density of ringed seals between the 

outer fjord and Rindersbukta, a small fjord in the southern part of Van Mijenfjorden which 

hosts a terminating tidewater glacier that still created some breeding habitat. 

 Within the Isfjorden complex, abundance and density patterns vary markedly between 

fjords and across years, suggesting the influence of both fine-scale local characteristics of the 

fjords themselves as well as variance in environmental conditions from year to year. For 

instance, Tempelfjorden was a good breeding area for ringed seals in the past, with tidewater 

glaciers favouring the construction of birthing lairs. Indeed, Lydersen & Ryg (1991), 

estimated an annual production of circa 200 pups in Tempelfjorden in 1990 (also see Smith & 

Lydersen, 1991). A decade later, aerial surveys estimated the total number of ringed seals in 

this area to be 1142 individuals (Krafft et al., 2006). This is in marked contrast to the 113 

individuals estimated as the average during this study period, which suggests a 90% decrease 

in total numbers of individuals using this fjord. This decline has likely been caused by 

reductions in landfast sea ice extent and the retreat of tidewater glacier fronts to land, which 

has reduced the available breeding habitat for ringed seals  (Foss et al., 2024; Geyman et al., 

2022; Li et al., 2025; Muckenhuber et al., 2016).  

 A similar pattern was observed in Billefjorden, where ringed seal numbers declined by 

91%. However, the reduction in landfast sea ice extent was even greater here than in 
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Tempelfjorden when comparing present conditions with those in 2002, with concomitant 

extreme levels of tidewater glacier retreat (Geyman et al., 2022; Rachlewicz et al., 2007). 

These factors, despite the shallow sill at the entrance of the fjord, which protects it from wind 

and wave action, could explain the decrease in ringed seal abundance observed in this fjord.  

 Dicksonfjorden, in contrast to the other fjords, showed an apparent increase in seal 

numbers compared to 2002, with a doubling in seal numbers from 2002 to the present (250 vs 

nearly 500 individuals). Although this fjord has never had good breeding habitat due to the 

absence of tidewater glaciers (Lydersen et al., 2014), its orientation and the presence of a 

sandbar at its mouth likely protect sea ice from wind, current and wave action, providing 

long-term stability for the landfast sea ice compared to other fjords. This may attract seals 

from neighbouring fjords at the time of moulting, similar to the situation for Van 

Mijenfjorden.  

 Ekmanfjorden showed a decline of 34% in ringed seal abundance between 2002 and 

2023, with an apparent gradual decline in numbers in the following two years. However, the 

density of seals during the 3 years of this study were higher than recorded in 2002, because of 

the large reduction in landfast sea ice extent recorded in this fjord. The decrease in abundance 

from 2023 to 2024-25 may have been caused by poor landfast sea ice conditions recorded 

elsewhere in Isfjorden in 2023, forcing seals from adjacent areas to move to Ekmanfjorden to 

find a moulting platform. The larger landfast sea ice cover across fjords within Isfjorden in 

2024-25 and the associated lower numbers of seals in Ekmanfjorden during these years 

supports this hypothesis. These local-scale distributional adjustments show the importance of 

predictable stable landfast sea ice areas for ringed seals in late spring, with Dicksonfjorden 

and Van Mijenfjorden likely acting as gathering areas for ringed seals during the moulting 

season. In contrast, those fjords directly connected to the main fjord in Isfjorden displayed 

highly variable landfast sea ice extents, with associated variation in ringed seal abundance.  

 Given the importance of stable sea ice for ringed seals, the substantial reduction of 

landfast sea ice in the western fjords in 2006 may have marked a tipping point, indicating the 

beginning of the declines in abundance we observed since 2002. While this single-year event 

is unlikely to explain the entire 62.6% reduction observed since 2002, it may have contributed 

to initiating the downward trajectory. In the Canadian Arctic, major sea ice loss events have 

been thought to influence population and body condition declines, even though progressive 

sea ice loss and earlier breakup likely also plays an important role in these declines (Ferguson 
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et al., 2017; Young et al., 2015). However, demographic characteristics and body condition of 

ringed seals in Svalbard remained relatively stable over time from 1981-2018, despite 

declines in their sea ice habitat having taken place in this time interval (Andersen et al., 

2021).   

 Interannual variability in abundance and density observed over time in this study is 

likely part of a broader, gradual trend linked to ongoing changes in sea ice dynamics. Future 

studies could explore the changes in sea ice quality (particularly snow cover in late spring) as 

well as the landfast sea ice extent in the specific fjords surveyed throughout the season in 

order to understand the influence of this factor on interannual abundance and density 

variability. Such studies could also help determine whether the observed declines reflect long-

term progressive changes or are driven by punctuated extreme events. The combination of 

such studies, demographic characteristics and continuous monitoring in the future could help 

to better understand the effects of environmental change on ringed seal population dynamics 

and predict future responses to these changes.   

 In addition to the poorer sea ice conditions, the snow cover and depth have shown a 

declining trend in Svalbard during the last three decades, with increases in the frequency of 

rain on snow events in winter, a pattern that is expected to persist throughout this century 

(Descamps et al., 2017; Førland et al., 2011; Hezel et al., 2012; Kovacs et al., 2024). These 

conditions reduce the ability of ringed seals to create lairs suitable for breeding, leaving pups 

more exposed to predators and extreme weather, with resulting increases pup mortality 

(Ferguson et al., 2005; Gjertz & Lydersen, 1986a; Lydersen & Smith, 1989; Smith & 

Lydersen, 1991; Stirling & Smith, 2004). At the same time, the population of polar bears has 

remained relatively stable in recent decades while the reduction in sea ice extent has restricted 

their foraging range presumably produced increasing predation pressure on ringed seals pups 

that are now found at higher densities than in the past in the limited available habitat (Aars et 

al., 2017; C. Hamilton et al., 2017; Maduna et al., 2021; Prop et al., 2015). Additional 

predation pressure from Arctic foxes and glaucous gulls during low snow conditions might be 

plying  an important role in high pup mortality and consequent reduced pup recruitment 

(Gjertz & Lydersen, 1986a; Lydersen & Smith, 1989). Furthermore, reduced ice thickness and 

earlier seasonal breakup of land-fast ice in spring can cause premature separation of mothers 

and pups, further increasing pup mortality (Harwood et al., 2000; Kelly, 2022; Laidre et al., 

2008).   
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 The most likely mechanism driving the observed declines in ringed seals abundance is 

low pup survival (and thus recruitment) due to direct (exposed to harsh weather, early ice 

break-up leading to separation of mother-pup pairs) and indirect effects (increased predation) 

of deteriorated snow and sea ice conditions (Ferguson et al., 2005; Smith & Lydersen, 1991; 

Stirling & Smith, 2004). This hypothesis aligns with modelling studies from the Canadian 

Arctic which have highlighted that the likely main cause of low pup survival rates is low lair 

habitat availability, and that this may result in a population abundance declines of up to 99% 

by end of the century (Iacozza & Ferguson, 2014). Several other studies also support this 

hypothesis (Ferguson et al., 2005; Hammill & Smith, 1991). 

 Total pup production for ringed seals in the late 1980s was estimated to be 

approximately 20000 for Svalbard (Krafft et al., 2006; Smith & Lydersen, 1991). However, 

even if ringed seal body condition, and life history traits (including ovulation rates) have not 

changed during the last decades under the conditions of ongoing environmental changes, a 

similar pup production is quite unlikely to occur today, given the reduction in abundance 

observed from parts of Svalbard between 2002 and 2023-2025. Future studies could focus on 

adult and pup survival linked to environmental conditions such as sea ice and snow dynamics. 

However, the difficulty of monitoring pups in the spring months when they are protected in 

the subnivean liars hinders the feasibility of such studies on this age group. In other areas with 

large subsistence hunts, it is feasible to have collaboration with local hunters to study pup 

numbers versus other age classes in the autumn (Harwood et al., 2012). Hunts in Svalbard are 

quite small and even these hunts might not be sustainable. However, it is possible to make 

better use of the harvest in collecting biological data (age of all hunted animals, pregnancy 

and ovulation rates, age at sexual maturity etc. Currently, only a small subset (N=25) of the 

harvest data in Svalbard are analysed (Nater et al., 2024).    

 Ringed seals are thought to show site fidelity to breeding areas in Svalbard (Krafft et 

al., 2007). However, the variability in numbers across fjords suggests movement within 

Isfjorden and likely between Isfjorden and other western Spitsbergen coastal areas depending 

on sea ice availability during the moult. The influence of movements in and out of the study 

area in relation to sea ice extent has previously been hypothesised as a feasible reason for 

interannual abundance and density variability for ringed seals in Canada (Carlyle et al., 2025). 

 Seasonal mobility has been documented in Svalbard for (mainly) juveniles migrating 

to foraging areas in the MIZ in summer. Such movements may also occur at the time of 



43 

 

moulting as seals seek better sea ice conditions (Hamilton et al., 2015, 2019). Genetic 

population structure should be explored in Svalbard to determine whether there is 

metapopulation structure regionally, with closed subpopulations within restricted areas or 

alternatively an archipelago-wide open population where individuals can move freely. 

Beyond life history drivers and emigration, ringed seals also face the additional pressure from 

sport hunting, which is an additive factor that potentially could explain parts the declines 

observed. The hunt is carried out in a restricted area, mainly around Isfjorden, outside the 

breeding period (protected 20 March-20 May). There is no annual quota, and the annual 

reported catch in the period 2003 to 2023 varied between 15-78 animals (Nater et al., 2024); 

underreporting is likely, despite it being part of the permitting process in recent years . 

However, the relatively low number of harvested animals is unlikely to be responsible for the 

reduction in abundance shown in this project, though it might serve as part of a cumulative 

threat picture. 

 Overall, although annual abundance estimates from the three most recent survey years 

show variability, they consistently demonstrate a decrease in the number of ringed seals 

compared to 2002 across all surveyed fjords. This supports the representativeness of the 

current estimates derived from the monitoring surveys. However, various small-scale factors 

can have influenced the abundance estimates produced in this study. For example, presence of 

predators on the sea ice when the survey is conducted could influence the presence and 

distribution of ringed seals on sea ice. In 2023 and 2024 blood stains were observed near 

breathing holes in UAS imagery, indicating predation events by polar bears or human sport 

hunting activity Additionally, ringed seals have been documented hauling out on terrestrial 

substrates, rocks, and muddy beaches in lagoon areas in response to earlier sea ice breakup 

and reduced sea ice extent, demonstrating a degree of behavioural flexibility (Lydersen et al., 

2017). 

 Misclassification of ringed seals during the UAS images analysis with other pinniped 

species that inhabit the western coast of Spitsbergen is highly unlikely due to morphological 

and habitat preference differences between species (Bengtsson et al., 2021; Lydersen et al., 

2014). Harbour seals (Phoca vitulina) generally avoid sea ice and harp seals (Pagophilus 

groenlandicus) typically associate with sea ice edges rather than occupying landfast sea ice 

areas. In contrast, ringed seals tend to occupy the inner parts of landfast sea ice areas in 

association with either a breathing or haul-out hole. Walruses (Odobenus rosmarus) are 
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considerably larger and stockier, than ringed seals, with distinct coloration and they generally 

associate with drifting sea ice, while bearded seals (Erignathus barbatus) are also larger than 

ringed seals and predominantly occupy sea ice edge habitats, and are easy to separate from 

ringed seals in the images by size, shape and colour. 

 In summary, we demonstrate a decline in the abundance of ringed seals in 

Kongsfjorden and Van Mijenfjorden since 2002, corroborating Rams i Ríos et al., (2025) 

findings for Isfjorden in 2023. Additionally, these findings show a continued deterioration in 

landfast sea ice habitats in the surveyed areas in recent years. The interannual variability seen 

in abundance and density among the studied fjords warrants further investigation. The results 

herein highlight the need to conduct more frequent surveys to monitor changes in ringed seals 

abundance and distribution in response to variable sea ice habitat conditions. The data 

provided here also indicate the need for future studies to better understand the implications of 

this decline in the marine ecosystem and conservation measurements to protect this species.  

In addition, we clearly demonstrate that UAS-based aerial surveys offer a practical and 

reliable method to detect potential trends in ringed seals population status through time.  

 

Conclusions  

 

 Through conducting annual surveys over three consecutive years, this study has 

provided recent data confirming a marked decline in ringed seal abundance in western 

Svalbard, since the last archipelago wide survey two decades ago. In addition, this study 

demonstrated the abundance and density variability across fjords and between years, 

indicating the need for multi-site monitoring approach for ringed seal estimates. Such 

monitoring data is essential to regularly update population viability models and sustainable 

harvesting quotas in order to provide accurate and adaptive management recommendations. I 

have demonstrated that future monitoring surveys at more frequent intervals are feasible, 

through the integration of the object detection model implemented herein and aerial imagery 

from UAS. Strategic monitoring of other areas within the archipelago would improve our 

understanding of local population status and trends in this rapidly changing Arctic 

environment. Combining frequent abundance surveys with demographic data would help 

explain how this species responds in the future to environmental changes in the region and 

provide insight into how it may have reacted to the changes already observed in western 
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Svalbard. In addition, genetic monitoring studies could reveal population structure and 

potential immigration patterns of individuals from western Svalbard, helping to clarify the 

population dynamics between regions within the archipelago (or more broadly).   
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