

[image: Going digital: challenges in monitoring marine megafauna when comparing results from visual and digital aerial surveys]
Going digital: challenges in monitoring marine megafauna when comparing results from visual and digital aerial surveys





ORIGINAL RESEARCH

published: 23 October 2024

doi: 10.3389/fmars.2024.1432798

[image: image2]


Going digital: challenges in monitoring marine megafauna when comparing results from visual and digital aerial surveys


Maud Quéroué 1,2*, Matthieu Authier 3, Aurélien Besnard 1 and Karine Heerah 2


1 CEFE, Univ Montpellier, CNRS, EPHE-PSL University, IRD,Montpellier, France, 2 France Energies Marines, Plouzané, France, 3 Observatoire Pelagis, Unité d'Appui et de Recherche (UAR) 3462 Centre National de la Recherche Scientifique (CNRS) - La Rochelle Université (LRUniv), La Rochelle, France




Edited by: 

Mark Jessopp, University College Cork, Ireland

Reviewed by: 

Dominik André Nachtsheim, University of Veterinary Medicine Hannover, Germany

Oriol Giralt Paradell, University College Cork, Ireland

*Correspondence: 
Maud Quéroué
 maud.queroue@gmail.com


Received: 14 May 2024

Accepted: 02 October 2024

Published: 23 October 2024

Citation:
Quéroué M, Authier M, Besnard A and Heerah K (2024) Going digital: challenges in monitoring marine megafauna when comparing results from visual and digital aerial surveys. Front. Mar. Sci. 11:1432798. doi: 10.3389/fmars.2024.1432798



Since the first plans to develop offshore wind farms (OWFs), concerns have been raised about the impacts on marine megafauna. Today, it is required to assess these impacts over the whole lifecycle of the OWF. Before construction, initial assessments are often conducted by visual surveys, but subsequent monitoring over the lifecycle of the OWF has to be digital due to safety requirements, leading to challenges in data comparability. The aim of this study was to attempt to establish generalizable intercalibration factors for this transition between visual and digital monitoring methods. To this end, intercalibration surveys were conducted at five different sites and at different times of the year within a site, using both visual monitoring at low-altitude and digital monitoring at both low and high altitudes. We tested the potential for intercalibration of the results based on the ratio of abundance estimated from data collected by the different methods. We explored factors such as the species under study and site-specific conditions that may influence intercalibration. We computed more than 100 intercalibration factors and found that, on average, abundance estimates from digital methods were higher than those from visual methods and that flight altitude for digital monitoring did not significantly influence abundance estimates. Aside from divergent abundance estimates depending on monitoring method, the findings also revealed significant heterogeneity, only one-third of which was explained by contextual factors such as taxonomy or the sea conditions. This outcome presents a pessimistic outlook on the prospect for the intercalibration of results between an initial assessment carried out with visual observations and subsequent monitoring with digital methods after OWF construction and until decommissioning. The high heterogeneity prevents seamless transferability of intercalibration factors and highlights the importance of local context.
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1 Introduction

The exponential growth of the global population and the corresponding rise of energy consumption have significantly increased the demand for energy (Château, 2022). Despite the widespread recognition that fossil fuels substantially contribute to greenhouse gas emissions and cause global warming, they still remain the primary energy source globally (Olabi and Abdelkareem, 2022). Without strong measures to curb greenhouse gases assuming the continuation of policies implemented by the end of 2020, the International Panel on Climate Change (IPCC) warns of projected planetary warming of 3.2°C by the end of the century, posing severe ecological risks and threatening human societies (Lee et al., 2023). In response to this critical challenge, governments are adapting their energy policy to shift towards renewable energy resources. According to the European Environment Agency (EEA), 23% of energy consumed in the EU in 2022 was generated from renewable sources (EEA Report, 2023). To address climate imperatives, the EU has set an ambitious target to increase the proportion of its gross final energy consumption sourced from renewables to 32% by 2030 (EU Directive, 2018). Offshore wind energy is pivotal in achieving this goal: wind energy is an affordable technology for producing clean, renewable and abundantly available energy (European Commission, 2023). There has been interest in developing offshore windfarms (OWFs) since the early 2000s (Díaz and Guedes Soares, 2020), mainly due to onshore limitations and the possibility of building larger wind farms enabling greater energy production (Enevoldsen and Valentine, 2016). In Europe, most OWFs are located in the North Sea and generate power for the northern Europe. In stark contrast, OWF development in southern Europe is in its infancy, with few sites and currently little energy production compared to northern Europe. However, OWF development is accelerating: for example, France aims to build and operate 50 OWFs by 2050, with a capacity of 40 GW to provide nearly 20% of national electricity consumption (French Ministry of Ecological Transition, 2022).

However, from the beginning, OWF development has raised concerns regarding its impacts on wildlife, and particularly on marine megafauna (large fish, turtles, seabirds and marine mammals) (Garthe and Hüppop, 2004; Madsen et al., 2006; Bailey et al., 2014; Croll et al., 2022). Seabirds and marine mammals in particular have been the focus of impact studies out of concerns of additional mortality, injuries, displacements, or loss of habitats during the construction phase or operation of OWFs. During the construction phase, pile driving could potentially cause hearing damage, masking of calls or spatial displacement of marine mammals to avoid the loud sounds emitted (Madsen et al., 2006; Bailey et al., 2014). Noise generated by ship traffic as a consequence of OWF construction can also cause displacement and disturbances (Wisniewska et al., 2018; Frankish et al., 2023). Once construction is completed, however, there is no consensus on whether marine mammals are directly impacted by OWFs (Teilmann and Carstensen, 2012; Dähne et al., 2014). During the operational phase, potential effects could be either negative (e.g. acoustic disturbance) or positive (e.g. fishing exclusion) depending on biological conditions as well as prevailing management goals (Bergström et al., 2014). For seabirds, different behavioural reactions could occur, ranging from complete avoidance to attraction (Furness et al., 2013; Dierschke et al., 2016). When attracted to OWFs, seabirds are at risk of mortality by collision with the blades (Lane et al., 2020). When avoiding OWFs (Peschko et al., 2020; Garthe et al., 2023), birds may experience functional habitat loss due to displacement, which could in turn result in increased energy costs for individuals if the alternative foraging habitat is of poorer quality or if the individuals have to travel longer distances to reach it (Masden et al., 2010). These risks can have consequences on seabird viability in addition to the environmental factors driving population dynamics (Horswill et al., 2022). Because of these potential consequences, assessing the impacts of OWFs on seabirds and marine mammals, many of which are protected, endangered or threatened species, is required by law in the EU (EU Habitats Directive, 1992; European Union, 2009). Reliable impact studies at each step of an OWF lifecycle – from commissioning through construction and operation to decommissioning – are needed, with special attention given to establishing accurate baselines against which to assess changes in the distribution and abundance of seabirds and marine mammals.

The monitoring of marine megafauna for impact studies typically relies on surveying using either ships or aircraft (Camphuysen et al., 2004; Hammond et al., 2021). In this study, we focused on aerial surveys, which are more commonly used for impact studies as they are quick to cover large area and less expensive than shipboard surveys (Certain and Bretagnolle, 2008; Buckland et al., 2012). These surveys are typically based on visual observations conducted at altitudes lower than 200 m, a limit crucial for detecting and identifying species as small as harbour porpoises (Phocoena phocoena) or seabirds (Certain and Bretagnolle, 2008). However, during the construction and operation phases of OWFs, aerial monitoring must adhere to safety regulations, requiring a minimum flyover altitude of 300 m. Because onboard observers cannot identify species at such high altitudes, digital data acquisition methods need to be employed. Digital methods for monitoring marine megafauna from an aircraft involve equipping the aircraft with cameras to film/photograph a strip underneath along pre-defined transects. Footage is then analysed to identify the animals that were present in the sampled area. High-resolution image acquisition allows for reliable species identification even at altitudes higher than 300 m (Žydelis et al., 2019), allowing effective surveillance of marine megafauna during OWF construction and operation. This has made digital census and monitoring by aircraft essential for most offshore renewable energy projects in northern Europe (Buckland et al., 2012; Garthe et al., 2023). Consequently, two different types of monitoring methods, observer-based (called ‘visual’ thereafter) and digital, are often used to monitor marine megafauna throughout the phases of the OWF. Ensuring consistency and comparability of results from these two monitoring methods is crucial to guarantee the reliability and accuracy of the data collected and enable a comprehensive assessment of the impact of OWF activities on marine megafauna.

To date, only a few studies have formally compared the results of visual and digital aerial monitoring surveys (e.g. Buckland et al., 2012 in Wales; Taylor et al., 2014 in Massachusetts; Williamson et al., 2016 in Scotland; Žydelis et al., 2019 in western Baltic Sea; Garcia-Garin et al., 2020 on the Spanish Mediterranean coast). The outcomes of these studies present contrasting results. For instance, Žydelis et al. (2019) found that the number of sightings of small and inconspicuous birds such as grebes, mergansers and auks were more than ten times more numerous in a digital survey dataset compared to a visual dataset. Buckland et al. (2012) also found increased sightings of black scoters with digital methods. Conversely, Garcia-Garin et al. (2020) concluded that observer-based methods were more effective for seabird detection during simultaneous flights, but equalled digital methods for marine mammal detection. On harbour porpoises, Williamson et al. (2016) found that digital surveys provided similarly measures of relative abundance to those obtained by visual line-transect surveys. Taylor et al. (2014) reported that digital method yielded significantly higher mean density estimates for loggerhead turtles, ocean sunfish, and blue sharks but no significant differences for leatherback turtles or basking sharks. The modalities of these studies make it possible to only partially answer questions raised when comparing one technique to another. For instance, each of the studies was carried out in a specific area, limiting the external validity of the results to other regions where characteristics of the environment and fauna are different. Moreover, these studies only produced estimates associated with the different methods, but did not formally investigate intercalibration estimates between methods.

In this study, we aimed to establish general intercalibration factors that allow the transition between aerial visual and digital monitoring methods. To this end, we carried out 14 surveys conducted across five distinct locations, using both visual monitoring at low altitude and digital monitoring at both low and high altitudes, encompassing various seasons, and focused on 15 groups of species, including marine birds, cetaceans, sharks, large fish and jellyfish. Intercalibration was tested based on the ratio of abundance estimated from data collected by the different methods. Buckland et al. (2012) emphasized how crucial it is to take into account that these factors are likely to vary across species, locations and seasons. We thus explored, by means of linear models, whether the species under study or site-specific conditions influenced intercalibration factors.




2 Materials and methods



2.1 Intercalibration surveys

The intercalibration surveys were conducted at five different sites around planned OWF projects in northwestern France: Courseulles-sur-Mer, Dieppe Le Tréport, Fécamp, Centre Manche and Bretagne Sud (Figure 1). One intercalibration survey per season was conducted at the Centre Manche, Bretagne Sud and Dieppe Le Tréport sites, and a single intercalibration survey for Fécamp and Courseulles-sur-Mer sites (Table 1).




Figure 1 | Survey areas around five offshore windfarm (OWF) projects in northwest France.




Table 1 | Description of the data acquisition methods used during the intercalibration surveys.



For all intercalibration surveys, transects were positioned throughout the study area, perpendicular to the coast, covering an area of between 7% and 11% of the total study area. Two planes followed these transects at different altitudes. One plane flew at a speed of between 170 and 180 km/h at an altitude of approximately 600 ft above sea level, an altitude at which observers on board could easily detect and identify the species encountered (Certain and Bretagnolle, 2008). The same plane was also equipped with a high-resolution camera photographing a strip under the plane. A second aircraft, flying at a speed of about 180 km/h at an altitude of approximately 1150 ft or 220 km/h at an altitude 1800 ft, depending on the system used (Table 1), flew over the site within a maximum of 15 min before or after the low-altitude flight. This aircraft was only equipped with high-resolution cameras capturing a strip under the aircraft.




2.2 Visual methods

In low-altitude flights, two observers were positioned on either side of the aircraft, which was equipped with bubble windows to allow for detection under the aircraft. Observers recorded information on marine megafauna (marine mammals, birds, sharks, large fish, turtles) and the sampling conditions encountered (see Lambert et al., 2019 for details). In particular, the sea state according to the Beaufort scale was recorded for all transects, from which an average sea state over the entire flight was calculated (Table 1). At regular intervals, the navigator (who recorded information) and the observers rotated to limit eye fatigue and increase detection capacity. For seabirds, sightings were recorded within a 200-m-wide strip following a standardized strip-transect protocol, assuming that all seabirds would be detected within the strip. For cetaceans, sharks, turtles and large fish, there was no observation distance limit, but observers determined the distance of each detected individual or group by measuring the angle of detection from the aircraft wings with an inclinometer (see Lambert et al., 2019). Species identification was carried out to the lowest taxonomic level possible, but some species could not be identified to species level and were grouped on the basis of common morphological criteria.




2.3 Digital methods

Digital methods were used at both high and low altitudes. High-resolution photos were taken (with a spatial resolution of at least 2 cm per pixel), regardless of altitude, and covered a 400–500-m strip under the aircraft (see Supplementary Table 1 for the technical characteristics of the different methods used). All images were then analysed following two steps: (1) detecting an object of interest in the picture, (2) identifying the detected objects. Object detection was done either automatically using automated object-detection models or by humans, depending on the systems used (Supplementary Table 1). Naturalists then carried out object identification. If unambiguous species identification was not possible, identification was limited to family or groups of morphologically similar species.




2.4 Abundance estimates

We grouped the sightings of the different surveys into 15 species groups (alcids, gannets, larids, cormorants, grebes, divers, storm petrels, shearwaters, fulmars, skuas, cetaceans, sharks, large fish, sunfish and jellyfish). The species composition of each group is presented in Supplementary Table 2. All other species not included in these different groups were excluded from this study. For each of these species groups, when sufficient data was available, we estimated abundance over the entire study area for each type of aerial monitoring method (visual, low-altitude digital, high-altitude digital) and for each intercalibration survey.

We fitted generalized additive models (GAM) using the ‘dsm’ package (Miller et al., 2022) in R version 4.2.1 (R Core Team, 2022) to estimate the number of individuals at the study site scale, with geographic coordinates as covariates. We divided the aerial transects into segments of approximately 4 km and associated each observation with the nearest segment. For digital data and visual bird sightings, we assumed that all individuals were detected on the monitored strip: we did not correct for availability or perception bias. Availability bias occurs when individuals are present but cannot be detected (e.g. diving animals). Perception bias occurs when individuals are visible but are missed by observers or automated detection algorithms (e.g. sun glare affecting visibility).We determined the size of the monitored strip depending on the system used (Supplementary Table 1). For visual data on marine mammals, sharks and large fish, we assumed that detection probability decreased with perpendicular distance from the transect line, usually in a non-linear way (Buckland et al., 2001). In contrast to strip transect methods, which assume constant detection in the strip followed by the aircraft, line transect methods assume that all individuals directly on the transect line are detected, and allow for individuals off the line to be missed. To account for distance detection heterogeneity, we applied a distance-sampling analysis using the ‘Distance’ package (Miller et al., 2019) in R to estimate the species-specific effective strip width using a half-normal detection function. We obtained the following GAM:

	

Where   is the expected number of observations per segment j,   is the effective area monitored,   is an intercept, the latitude and longitude for each segment are included as smooth terms (using the default thin plate splines). The distribution of   was modelled as a Tweedie distribution. Using this GAM, we predicted distribution over the whole study site using a hexagonal prediction grid of 3.46 km² (i.e. 2 km between opposite edges of the hexagonal cells).




2.5 Intercalibration factors

We estimated intercalibration factors as the ratio, on a log scale, between the abundance estimated using a first data source and the abundance estimated using a second data source. We estimated two types of intercalibration factors: visual/digital or digital low-altitude/digital high-altitude. For the visual/digital intercalibration factors, we estimated both the visual/low-altitude digital and the visual/high-altitude digital intercalibration factors. To quantify variability associated with intercalibration factors, we performed leave-one-out analyses (Supplementary 3). At each iteration, we randomly removed a part of the effort and observation corresponding to at least 10% of the survey area. We then estimated the abundance using the reduced datasets for each monitoring method with the GAM described above to obtain intercalibration factors. We computed 200 iterations to estimate the uncertainty of the intercalibration factors.




2.6 Variables influencing the intercalibration factors

We used linear models to investigate the factors driving the variability in estimated intercalibration factors. We considered the uncertainty associated with estimated intercalibration factors with a weighted likelihood approach: weights were computed so that precise intercalibration factors were given more weight than imprecise ones. First, we tested the variability associated with the group of species studied. Since species are more or less visible depending on their colour, size or behaviour, it seems likely that intercalibration factors would depend on the species group studied. We also considered the site effect and tested the digital data acquisition process as different digital processes were used for the different intercalibration surveys (Table 1) and may therefore be a source of variability in the intercalibration factors. We estimated intercalibration factors between visual and high-altitude digital datasets and visual and low-altitude digital datasets, and we also examined whether the altitude of the digital data acquisition flight explained some of the variability in the intercalibration factors. This variable was not tested in the low-altitude digital/high-altitude digital intercalibration factors as there was no change in altitude. Finally, as sea state is known to affect detection in visual surveys (Teilmann, 2003; Pollock et al., 2006), we also included this variable in our models as a linear covariate ranging from 0 to 4 on the Beaufort scale. This sea state variable was calculated and averaged over the entire visual survey for each campaign (Table 1). Only visual methods collected data on the sampling conditions encountered during all surveys, as this information was recorded as part of the protocol, which was not the case for digital methods. We also tested an interaction between group and sea state, assuming that the detection of some species groups might deteriorate when the conditions worsen. Using the AIC criterion corrected for small sample size (Anderson and Burnham, 2004) and the ‘AICcmodavg’ R package (Mazerolle, 2020), we assessed which variables accounted for the variability observed in the intercalibration factors. We included all our variables of interest in a general model and then removed step by step the variables explaining the least variability based on the AICc. If two models were less than two AICc points apart, we selected the most parsimonious one.





3 Results



3.1 Observation and abundance estimates

We analysed datasets from the 14 surveys and estimated 116 intercalibration factors to compare the different survey methods (visual, digital low-altitude, digital high-altitude) for different species groups (Supplementary Table 4). Cormorants, grebes, shearwaters, fulmars, and skuas were not included in the analysis due to insufficient data. The results revealed highly variable situations of intercalibration which we illustrated in two examples in the following. In one example, larids had nearly identical abundance estimates (Figure 2); in another, on alcids, there was pronounced divergence between estimates obtained through different data acquisition methods (Figure 3).




Figure 2 | Larid observations (A–C) and abundance estimates (D–F) from the surveys and intercalibration analysis in Centre Manche (13/06/2022). The lines represent the flown transects, while the dots show the observations of both individual birds and groups. Each observation plot shows the number of sightings and the total number of birds detected. The estimated abundance over the whole area, with the 95% confidence intervals, is also shown below the density surface model (DSM) plots. Left panels present visual monitoring, centre panels low-altitude digital monitoring, and right panels high-altitude digital monitoring.






Figure 3 | Alcid observations (A–C) and abundance estimates (D–F) from the surveys and intercalibration analysis of Dieppe Le Tréport (27/02/2022). The lines represent the flown transects, while the dots show the observations of both individual birds and groups. Each observation plot shows the number of sightings and the total number of birds detected. The estimated abundance over the whole area, with the 95% confidence intervals, is also shown below the density surface model (DSM) plots. Left panels present visual monitoring, centre panels low-altitude digital monitoring, and right panels high-altitude digital monitoring.



Three different datasets of larid observations obtained from three different aerial monitoring methods were used separately to fit GAMs and estimate larid abundance and distribution in the Centre Manche area (Figure 2). The three methods of data acquisition yielded abundance estimates with overlapping confidence intervals (1,155 individuals estimated CI 95% [564-2,365] with visual data; 1,012 individuals estimated CI 95% [574-1,783] with digital low-altitude data and 1,001 individuals estimated CI 95% [564-1,776] with digital high-altitude data). The projected distributions showed strong similarity, indicating a ‘hotspot’ in the northeast of the study area.

In contrast, for alcids in the English Channel, there was high variation in abundance estimations depending on the data acquisition method (Figure 3). Visual detections were much lower (Figure 3A), with 132 individuals detected, while the digital method at the same altitude detected 2,456 individuals (Figure 3B). As a result, abundance estimates between visual and digital data differed by a factor of 18, with no overlap in confidence intervals (1,570 individuals estimated CI 95% [1,217-2,026] with visual data; 28,132 individuals estimated CI 95% [24,738-31,992] with digital low-altitude data and 28,642 individuals estimated CI 95% [25,128 – 32,647] for digital high-altitude survey). However, the estimates obtained from the two digital methods in the intercalibration survey showed consistent abundance estimates and similar patterns of distribution.




3.2 Comparison between visual and digital data

Our results showed high variability in intercalibration factors (Figure 4). The average intercalibration factor (on a log scale) between visual and digital methods was -0.372 (CI 95% [-1.611–0.507]), which indicated that, on average, digital data acquisition produced higher abundance estimates than visual data acquisition.




Figure 4 | Intercalibration factors by species group (some species groups were not analysed because there was not enough data). The intercalibration factor is highlighted by a dot and the bar shows the 95% confidence interval. Colours represent the different species groups. Left panel corresponds to the intercalibration factor of digital methods at low and high-altitude. Centre panel corresponds to the intercalibration between the visual method and high-altitude digital method. Right panel corresponds to the intercalibration between the visual method and the low-altitude digital method.



Model selection indicated that taxonomic group and sea state were the variables that most accounted for the variance in intercalibration factors (Supplementary Table 5). However, the cumulative percentage of variability did not exceed 35%: a large proportion of the variability in intercalibration factors thus remained unaccounted for. It should also be noted that a model with site, sea state and taxonomic group covariates was within one AIC point from the selected model and explained 43% of the variability (Supplementary 5). Altitude and digital method covariates were not selected in the models with the smallest AICc nor was the interaction between species group and sea state. For this comparison between visual and digital methods, we focused on the model including a species group effect and a sea state effect.

There was high between-species group heterogeneity of intercalibration factors (Figure 5). Two species groups, large fish and divers, were not included in the model selection due to insufficient data from visual surveys. Intercalibration factors of species rarely observed during the surveys were associated with a wide confidence interval. Despite the limited intercalibration factors estimated for groups of species such as sharks, jellyfish and sunfish, the abundance estimated using visual data acquisition methods was, on average, lower than that estimated using digital methods (Figure 5). For alcids, gannets, larids and cetaceans, the taxa with the largest number of intercalibration factors estimated, the model predicted a lower intercalibration factor for alcids and a higher intercalibration factor for gannets. On average, the observed intercalibration factor for alcids was -0.78 (95% CI [-2.90–0.31]) on 13 intercalibration factors estimated, and gannets had an average intercalibration factor of 0.01 (95% CI [-0.51–0.83]) on 21 intercalibration factors estimated. Thus, for gannets, visual and digital methods produced on average relatively similar estimates, whereas for alcids the digital methods estimated on average an abundance 2.2 times higher than visual methods. For cetaceans and larids, the estimated abundance was on average higher with the digital methods compared to the visual method, with an average intercalibration factor of -0.38 (95% CI [-0.73 – -0.01]) over 8 intercalibration factors estimated for cetaceans, and an average intercalibration factor of -0.34 (95% CI [-1.20–0.43]) over 23 intercalibration factors estimated for larids.




Figure 5 | Estimated and model predictions of intercalibration factors by species group (some species groups were not modelled because there was not enough data). Coloured dots are the intercalibration factors estimated between visual and digital methods for the different species groups and for the different sites. Black diamonds are the intercalibration factor predicted by the selected model according to the species group, considering a sea state of 2 on the Beaufort scale. The coloured bars show the 95% confidence interval of the prediction.



The selected model also included a significant sea state effect of -0.19 (CI 95% [-0.33 – -0.05]), indicating that, on average, the intercalibration factor decreased when the sea conditions became rough (Figure 6). This means that digital methods tended to detect more individuals, and thus estimated a higher abundance, than visual methods when sea conditions were rough.




Figure 6 | Model predictions of intercalibration factors according to sea state. Coloured area (shading shows the 95% CI) is the intercalibration factor predicted by the selected model according to the sea state from 0 to 4 on the Beaufort scale, fixing the group as larids. Grey dots and lines are the estimated intercalibration factors and the 95% confidence interval associated for each species group during each intercalibration analysis.






3.3 Comparison between low-altitude digital data and high-altitude digital data

The average intercalibration factor between the digital low-altitude dataset and the high-altitude datasets for each survey and species group was 0.018 (95% CI [-0.699–0.516]), indicating that digital data acquisition at low and high altitudes provided, on average, similar abundance estimates (Figure 4). Model selection indicated that the model without any covariates was within one AIC point of the model with the smallest AICc (Supplementary Table 5) and was selected. The model with the smallest AICc indicated that sea state and method covariates explained 18% of the observed variability.





4 Discussion

As the true number of individuals in the different areas studied was unknown, we only compared the abundance estimates obtained by the different survey methods and assessed their agreement or incongruence. The results highlighted that, on average, the analysis of data from digital methods led to higher abundance estimates than from visual methods. Intercalibration factors between visual and digital methods also varied greatly according to sea state and the species studied. On the other hand, abundance estimates between digital methods at high and low altitudes were more consistent on average, although the observed variability was poorly explained by the covariates tested.



4.1 Variables affecting visual–digital data intercalibration

On average, the abundance estimated through digital methods at both high or low altitudes was higher than those obtained through visual methods. This result is consistent with other studies comparing visual and digital methods which also found higher density estimates using digital methods on seabirds (Buckland et al., 2012; Žydelis et al., 2019) or on blue sharks and sunfish (Taylor et al., 2014). These results underline the need to take precautions when switching from one method to another. A key aspect of our study was the establishment of intercalibration factors for long-term monitoring of marine megafauna using these different approaches. However, intercalibration factors estimates revealed high heterogeneity, of which only one-third was explained by contextual factors such as species group or sea state, rendering intercalibration a complex task.



4.1.1 Species groups



4.1.1.1 Gannets

In our analyses, gannets had an intercalibration factor close to zero (on a log scale), which was expected due to their highly visible colour and size. However, variability around the mean showed that in some cases, the visual method recorded more individuals than the digital method, or the opposite (lower detection by the visual method compared to the digital method). Gannets and larids form large groups of individuals when they encounter favourable feeding conditions or fishing boats (Hudson and Furness, 1989; Camphuysen and Webb, 1999). As a result, the estimated density maps were often strongly influenced by these larger groups of individuals, that act as ‘hotspots’ of individuals throughout the area. If observers mistakenly record individuals that were beyond the 200-m-wide strip or if they overestimate the number of individuals in large groups (Frederick et al., 2003), this could result in overestimated abundance using the visual method. In digital methods, when a large group is present on several overlapping images, it can be difficult to avoid double or triple counting of the same individuals, which could lead to overestimating the number of individuals in these hotspots (Brack et al., 2018). Trained human operators in charge of identifying the targets detected by automated detection algorithms (as in our study) should be able to identify such duplicates, but some errors are likely to occur. Conversely, if individuals are mistaken for duplicates even though they are different individuals, this can lead to underestimating the number of individuals in the hotspot. Therefore, for larids and gannets, a large part of the heterogeneity observed in the intercalibration factors may be due to the precision of the counts of large groups depending on the method.




4.1.1.2 Alcids, divers, grebes

Alcids, divers, and grebes are considered inconspicuous due to their small size, dark plumage, and the fact that they are often seen resting on the water. Among these species, the alcids were the only ones that were sufficiently detected by the different methods to be included in our analyses. The abundance estimate for alcids was, on average, twice as low using the visual method compared to digital methods, with a high degree of variability. There were extreme cases of difference in abundance estimates between the two methods for this inconspicuous species. For example, in one intercalibration survey the number of alcids estimated was 18 times lower using the visual method compared to the two digital methods. In contrast, at the same site one year later, digital and visual methods produced similar estimates for alcids. In another intercalibration survey, several hundred alcids were detected using the digital methods but none using the visual method. Similarly, divers were sometimes observed in large numbers using digital methods, but considerably less using the visual method. This lack of detection prevented us from including this group in our analyses. Žydelis et al. (2019) also reported notable discrepancies between visual and digital methods for these species. They found that abundance estimates were about five times lower using visual methods compared to digital methods for alcids, and 15% lower for divers. Such differences might be explained by identification errors in visual methods. For example, divers might have been detected visually, but identified as alcids. However, even when summing all these inconspicuous species, our results showed fewer visual detections compared to those made using digital methods. It is therefore quite likely that individuals are under-detected by visual methods. For instance, it is known that human eye-based object detection at sea relies heavily on movement or colour contrasts with the ocean (Tasker et al., 1984), while divers and alcids are most often resting on the surface and have dark plumage that limits their detection. It is also possible that the 200 m detection limit set for seabirds on either side of the aircraft in the visual method might exceed the observer’s actual detection capability, leading to an underestimation of abundance within the study area. In a study about detection bias in strip-transect aerial methods, Certain and Bretagnolle (2008) suggested that a maximum observation distance of 150 m should prevent detection-distance bias. Barbraud and Thiebot (2009) also found that when the strip width monitored exceeded 100 m, as in our study, the probability of the visual detection of the smallest species dropped considerably compared with larger species. As a consequence, these inconspicuous species might be more easily missed by observers, resulting in bias and abundance underestimation compared to digital methods.




4.1.1.3 Larids

Larids, which are easier to detect than alcids, and generally slightly less easy to detect than gannets, as they are smaller and with more diverse plumage, had an intercalibration factor intermediate to these two species groups, a finding that is consistent given these detection characteristics. Our results indicated that, on average, estimated abundance of larids was 1.4 times higher with digital methods than visual methods. However, it is important to note the wide variability between surveys.




4.1.1.4 Storm petrels

Only one survey allowed for intercalibration of storm petrels. Contrasting abundance estimates were observed between the two digital methods: the estimate was nearly twice as high using the high-altitude digital method compared to the low-altitude digital method. Consequently, visual/digital intercalibration factors were contrasted, with a near-zero intercalibration at low altitudes and overestimation by the digital method at higher altitudes. In another survey, only the visual method recorded approximately 50 individuals, while both digital methods failed to detect any. Storm petrels are the smallest seabird species group detected in the survey areas. They are visually detectable due to their frequent movement and their conspicuous white rump. Conversely, digital methods are likely to overlook these individuals or to misinterpret a motionless white rump in images as a reflection of sunlight.




4.1.1.5 Cetaceans

For small cetaceans, abundance estimates were higher with digital than with visual methods. This was surprising as this is a group of species for which higher estimates might be expected with visual methods compared to digital ones. Indeed, observers are able to monitor larger areas than cameras and they are able to incorporate detection cues for sightings that typically cannot be seen in imagery (Koski et al., 2013). For example, cetaceans below the surface may be masked when photographed or confused with waves during digital processing, whereas signs of presence (diving, spouting/blowing, etc.) are more likely to be detected visually. Consequently, visual methods should estimate higher abundance than digital methods. However, in their comparison between digital and visual methods, Garcia-Garin et al. (2020) found that both methods were equally effective for detecting cetaceans and Williamson et al. (2016) suggested that digital survey can provide similarly robust measures of relative abundance to those obtained by visual surveys. In contrast, our results showed variability in the intercalibration factors, with overall higher abundance estimates from digital data at the two sites where there were enough sightings for modelling. These outcomes could be the result of more accurate digital counting of group sizes for cetaceans. Or perhaps small inconspicuous species such as porpoises that are difficult to detect visually are better detected by automated detection algorithms. In particular, these species might be overlooked or underreported when there are hotspots of other target species. For example, Lambert et al. (2019) found that flying seabirds had a negative effect on small cetacean perception. However, one clear limitation of the generalization of our intercalibration results on cetaceans was the need to pool all species of cetaceans to obtain a large enough sample size for analyses. Species with potentially differing detection probability (e.g. common dolphins, bottlenose dolphins and harbour porpoises) due to their behaviour or group size (Barlow et al., 2001; Authier et al., 2018; Gilles et al., 2023) were lumped into one taxonomic group. Given the high taxonomic heterogeneity, it is unclear whether the resulting intercalibration factor can be applied to each of the cetacean species. Another contextual factor limiting the external validity of the cetacean intercalibration factor is the overall low density of harbour porpoises in Atlantic waters compared to the North Sea (Gilles et al., 2023). Our results rely on only two sites (Sud Bretagne with three intercalibration surveys and Dieppe Le Tréport with one intercalibration survey) where there were enough sightings for modelling. All else being equal, a lower density would result in less detections and increased estimation noise compared to a higher density area. The effect of density on intercalibration factors remained to be investigated. In the meantime, it cannot be assumed that one intercalibration factor estimated in one site can be accurately used in other sites, and this was supported by our results.




4.1.1.6 Sharks, sunfish, jellyfish

Regarding sharks, jellyfish and sunfish, although the number of intercalibration factors estimated was too limited to allow a precise understanding of the differences in estimates between methods, our results showed that digital methods consistently yielded higher average abundance estimates than visual observations. In a similar way, Taylor et al. (2014) found that smaller sharks, such as blue sharks, showed significantly higher abundance estimates with digital methods compared to visual methods, whereas the estimates for larger species, such as basking sharks, were similar between the two methods.This tendency might be explained by the inherent complexity of detecting small submerged individuals for humans, especially considering the constrained detection time afforded by a moving aircraft. Moreover, these species might be overlooked or underreported when there are hotspots of other target species. In contrast, images captured by digital methods using automated detection algorithms enable the identification of shapes and patterns distinct from the surrounding sea (Berg et al., 2022) and are not limited by time. This capability might considerably enhance the detection of submerged animals such as small sharks, jellyfish and sunfish, which remain predominantly underwater and elusive to visual observation methods, contributing to higher abundance estimates compared to human visual detection method.

These results show the difficulty of defining general intercalibration factors for comparing abundance estimates obtained by visual and digital methods. Average intercalibration factors vary greatly between groups of species, between -1 and 0, and therefore cannot be estimated generally for all megafauna data. It is thus crucial to carry out specific intercalibration on each group of species. Adding to this complexity, the species effect is not the only factor to be considered, as our results showed that sea state conditions also contributed significantly to the observed differences in intercalibration factors.





4.1.2 Sea state

As sea conditions deteriorated, intercalibration factors between visual and digital data decreased, with digital methods tending to estimate higher abundance compared to visual methods in rougher seas. Human detection capability is affected by the presence of waves, impeding the accurate detection of marine megafauna (Teilmann, 2003; Pollock et al., 2006). Our results suggest that digital detection may be less impacted by adverse sea conditions. The difference in estimates is unlikely to be the result of an overestimation by digital methods, as in our study all targets detected by algorithms were validated by a trained human operator, eliminating false positives that could potentially arise from wave interference (Boudaoud et al., 2019). The interaction between sea state and species group was not significant, despite the expectation that rougher sea conditions could further impede the detection of inconspicuous species. An analysis focusing on sources of heterogeneity in the visual detection of gannets and alcids highlighted a decrease in sighting density when sea conditions worsened and this decrease occurred similarly for both species (Certain and Bretagnolle, 2008). However, it remains unclear from this analysis whether sea state affected the detection of these species equally or whether both taxa selected areas where sea conditions were calmer. It should be noted that digital methods can also be affected by conditions at sea. For example, Aniceto et al. (2018) found that the reliability of digital detection using unmanned aerial vehicles could be limited in the same way as visual methods and Koski et al. (2009) showed that detection probability using unmanned airborne systems decreased considerably in Beaufort sea states greater than 2. Moreover, since digital methods rely in part on anomaly detection, when the background of an image becomes more heterogeneous due to the presence of waves, animals can be mistaken for image noise (Berg et al., 2022). Overall, our results demonstrate the difficulty of generalizing intercalibration factors that can be used in all meteorological conditions that could be encountered.




4.1.3 Site

Although not retained in the best model, our results showed that site effect could also be a source of variability in the intercalibration factors. This effect likely amalgamated several sources of variability, such as methodological variations between sites or heterogeneity between observers, the processing of digital data, from detection (heterogeneity of algorithms) to identification of animals (heterogeneity between naturalists), and site-specific conditions such as environmental conditions or different abundance of species between sites. These variations, when combined, underscore the complexity and multifaceted nature of the site effect in explaining the observed discrepancy in abundance estimations between monitoring methods. As a result, an intercalibration study carried out for one site does not allow generalization to other sites.





4.2 Digital data acquisition

On average, the estimated intercalibration factor between high and low altitudes with digital methods was close to 0 (on a log scale). Because the resolution of images remained constant on the ground whatever the flight altitude, digital methods might be expected to produce consistent results despite this change in altitude. Conversely, differences in detection were observed with visual methods according to flight height. For example, when examining the effect of doubling altitude, Marsh and Sinclair (1989) found a significantly higher density of turtles at lower altitudes. This result is particularly important, as flying at sufficient altitudes during digital surveys enhances operational safety, especially within or near offshore windfarms.

Across all the comparisons carried out, we observed variability in the intercalibration factor between digital methods, with a 95% confidence interval ranging from -0.699 to 0.516. Covariates relating to sea state and the digital method used explained 18% of this variability. This variability indicated that digital methods were not devoid of bias. Firstly, automated detection algorithms or human analysts reviewing images might inadvertently overlook individuals (Hong et al., 2019; Akçay et al., 2020), especially in challenging environmental conditions. Additionally, species identification heavily relies on the ability of trained human operators with experience of what a species looks like from above, the quality of images, and the number of available images (Brack et al., 2018). Implementing robust quality analyses, involving the reanalysis of a random subset of the dataset by different operators, could help to identify potential detection or identification bias and, if necessary, lead to a correction of the dataset. By reducing these sources of bias, the variability between the digital methods should be reduced.

A limitation of our study was the inability to account for environmental factors affecting images, such as glare or wave presence. Information about sun glare was not consistently recorded for digital methods, and when it was, the metrics used differed between methods, limiting our ability to incorporate this information into our analyses. Consequently, the effect of glare was not included in the detection process for either method, even though glare is known to limit effective coverage in digital monitoring (Kemper et al., 2016) and reduce detection probability in visual monitoring (Certain and Bretagnolle, 2008). Regarding the effect of sea state on intercalibration factors, we relied entirely on the sampling conditions recorded by visual observers during surveys. However, when digital methods are employed without complementary visual monitoring, it becomes essential to obtain information on wave presence directly from the imagery. More broadly, it would be crucial to establish a standardized and automatized metric for characterizing sun glare and wave presence on images across all digital methods. Nevertheless, it is important to note that each detection algorithm among the different digital methods may have different capabilities depending on its training dataset.

These findings underscore the importance of employing a consistent methodology and surveying during favourable weather conditions to minimize variation in intercalibration factors. Yet since the variability explained by the different covariates is low, we must be cautious when assessing trends over time using different digital methods, as this might not necessarily reflect a difference in species abundance but could arise from variability between digital methods. Moreover, digital methods are expected to evolve over time, benefiting from improved automated detection algorithms, finer resolution, and higher-quality images. Consequently, these developments could reduce detection errors. This will need to be considered when monitoring populations over time: interpreting long-term trends in abundance using methods that will continue to improve requires great caution.




4.3 Implications for long-term ecological monitoring of offshore windfarms

Our initial aim was to estimate intercalibration factors that would facilitate a transition between visual and digital methods in the context of monitoring a single windfarm over its lifecycle, from its planning and construction to its decommissioning. In France, offshore windfarm development has lagged behind northern EU Member States, presenting an opportunity for designing adequate impact studies. This gave rise to the Offshore Wind Farm Surveys of Marine Megafauna (OWFSOMM) project. Initial state assessments started with the planning phase of offshore windfarms: i.e. on average, ten years before construction. Initial assessments followed the latest protocols for data acquisition on marine megafauna by means of visual surveys over large areas (Laran et al., 2017). In the meantime, digital data acquisition has become more accessible, and will de facto replace visual surveys due to security reasons for flying over an OWF. This change in flight height was not fully anticipated in the original protocols, but has allowed an opportunity to investigate intercalibration in the OWFSOMM project. Our study was carried out in this framework. The results highlight the pronounced variability of these intercalibration factors, some of which is accounted for by species group and sea state, but a substantial proportion (roughly two-thirds) of this variance remains unexplained. Consequently, even when monitoring the same species group in the same sea state, considerable variability persists. Other factors could contribute to this heterogeneity, such as skill heterogeneity between onboard observers for visual methods and between human operators identifying targets for digital methods, or site idiosyncrasies, or differences in digital processing such as the algorithms used in the study.

Using site- and time-invariant intercalibration factors to switch from one method to another thus seems complicated, if possible at all. It is very difficult to comprehensively control all influencing factors without multiple intercalibration analyses for each new study site. In addition, numerous other variables further complexify the quest for robust intercalibration, necessitating the consideration of a potentially large panel of variables. Consequently, we caution against establishing any long-term trends based on abundance obtained using different visual and digital methods. Transitioning from one method to another without accounting for their differences has high potential for inaccurate inference and thus a misleading interpretation of changes in marine megafauna abundance over the lifecycle of an OWF.
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Féecamp 22/03/2021 14 ~600 ft A NA NA
Courseulles-sur-Mer 02/05/2021 10 ~600 ft A ~1150 ft B
Dieppe Le Tréport (EMDT1) 27/02/2022 33 ~600 ft B ~1800 ft e
Dieppe Le Tréport (EMDT2) 09/06/2022 1.9 ~600 ft B ~1800 ft C
Dieppe Le Tréport (EMDT3) 04/09/2022 31 ~600 ft B ~1800 ft (o}
I Dieppe Le Tréport (EMDT4) 14/02/2023 19 ~600 ft B ~1800 ft C
Centre Manche (AO41) 25/03/2022 3.0 ~600 ft B ~1800 ft c
Centre Manche (AO42) 13/06/2022 1.0 ~600 ft B ~1800 ft c
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Sud Bretagne (AO51) 23/07/2022 2.8 ~600 ft B ~1150 ft B
Sud Bretagne (AO52) 22/09/2022 L1 | ~600 ft B ~1150 ft B
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The average sea state was determined according to the visual surveys. Depending on the survey, the flight duration varied between three and six hours. Refer to Supplementary Table 1 for more
information on digital survey types (A, B and C).





