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Small recreational vessels without AIS transmitters contribute substantially to underwater noise in coastal 

waters but remain unaccounted for in current AIS-based soundscape models. We tested three 

complementary approaches to monitor non-AIS vessel traffic in a near-shore area of Aarhus Bay, Denmark: 

1) Passive Acoustic Monitoring (PAM), 2) radar, and 3) timelapse camera. All three methods revealed a 

large proportion of vessels without AIS, with non-AIS detections ranging from 55% (PAM) to more than 

75% (camera and radar). Small-vessel presence varied clearly with time of day and time of the week and 

with indication that season will also have an influence, underscoring the need for dynamic input to noise 

models in near-shore areas. Radar provided the broadest spatial coverage, while PAM and cameras offered 

acoustic and visual context for identifying vessel presence and type. Together, these results support 

previous findings in the same area; that non-AIS vessels represent a major and currently underrepresented 

contribution to coastal underwater noise. Additionally, we show that integrating radar, visual and acoustic 

observations into existing modelling frameworks is essential for improving future noise assessments. 

1 Introduction 

Ship traffic has seen an extensive increase on a global scale over the past decades, with resulting underwater noise being 

a major anthropogenic pressure in marine ecosystems [1]. Especially marine species relying on sound for communication, 

navigation and foraging are vulnerable to underwater noise. The harbor porpoise (Phocoena phocoena), a key indicator 

species in European waters, has been shown to frequently encounter ship noise in Danish waters and show clear negative 

reactions to noise from individual ships [2]. 

As part of the EU Marine Strategy Framework Directive (MSFD) D11C2, continuous low-frequency noise from shipping 

is monitored and assessed and soundscape models are implemented to assess underwater noise from shipping traffic over 

a large scale. Current models rely on Automatic Identification System (AIS) data to represent vessel activity [3], [4], but 

this approach overlooks a key component of traffic in many coastal areas, as small recreational vessels are not required 

to carry AIS transmitters. Previous studies show that such vessels can dominate local soundscapes and contribute 

significantly to noise exposure, particularly in shallow or sheltered waters [5], [6]. 

Consequently, there is a growing need to improve how small-vessel contributions are monitored and represented in noise 

assessments, which is highlighted in regional sea conventions such as OSPAR and HELCOM (e.g. [7]). However, no 

recommended methods are at present in place for including small boats without AIS in underwater noise assessments.  

Here, we explore three monitoring techniques (PAM, radar, and camera-based monitoring) to determine how each method 

contributes to detecting and quantifying small vessels without AIS. The aim is to evaluate their combined potential for 

supporting improved assessments of continuous low-frequency noise under D11C2. 



   

2 Methods 

2.1 Study area and monitoring setup 

The study was conducted near Egå Marina in Aarhus Bay, Denmark, a site with a high degree of recreational boat activity, 

especially during the summer months, and with limited commercial traffic. Three monitoring systems were deployed with 

overlapping coverage: 1) a PAM station positioned ~1 km offshore, continuously recording June–September 2025, 2) a 

radar permanently operating as a test radar on the marina, and collecting surface tracks over a 5 km sector whenever 

available between July-October 2025, and 3) a timelapse camera mounted 13 m above sea level, capturing images every 

5 minutes between sunrise and sunset, July–October 2025 (Figure 1). Additionally, AIS data overlapping with the 

coverage of the three sensors was included. 

 

Figure 1: Map of positions of the three sensors, Passive Acoustic Monitoring (PAM) logger (purple point and area), 

timelapse camera (dark orange square and area) and radar (yellow triangle and area), as well as the spatial coverage of 

each sensor modality in the color matching the sensor position. 

 

 



   

To ensure comparability, eight representative 1-hour periods were selected to span time of day (daylight/nighttime), time 

of week (weekday/weekend), and seasonal transitions (Early summer = June, Late summer = July/August, Autumn = 

September/October, Winter = November). For comparability, PAM and radar data were down sampled into 5-minute bins 

to match the temporal resolution of the camera. Given the differences in time of recording start for the sensors, and that 

radar was not continuously available for sampling, it was not possible to extract the exact same time windows for all eight 

1-hour samples. 

For all three methods, automatic detection methods were evaluated. To do this, we compared the classifications from an 

automatic detector for each sensor to those made by a human observer, following the terminology of Roberts & Read 

(2015) [8]. Manual audit labels were treated as correct, and each time bin was classified as either “boat present” or “no 

boat present” by both the human and the detector, resulting in four possible outcomes: true positives (TP), false positives 

(FP), false negatives (FN), or true negatives (TN). From these counts, we calculated two performance metrics: Positive 

Predictive Value (PPV, often referred to as precision), defined as TP/(TP+FP), and True Positive Rate (TPR, often referred 

to as recall), defined as TP/(TP+FN). PPV measures how many automated detections were correct, while TPR measures 

how many true boat events were successfully detected. Both metrics range from 0 to 1, and improving one generally 

reduces the other, reflecting the common trade-off between type I and type II errors. Although automated systems rarely 

achieve perfect PPV or TPR, their substantial gains in processing speed often outweigh the uncertainty introduced by 

these errors, provided the magnitude of the errors is known. 

 

2.2 Passive Acoustic Monitoring 

The PAM station was set up following a well-established method for PAM stations in the Danish noise monitoring 

program ([9]), with the hydrophone positioned approximately 2 meters above the seafloor. The PAM logger is a 

broadband acoustic recording system (SoundTrap ST600HF, Ocean Instruments Inc.), set to record continuously at a 

sampling rate of 384 kHz. The unit was calibrated prior to deployment with a pistonphone calibrator at 250 Hz and clip 

level was measured to 175.8 dB re. 1μPa. Recordings were down sampled to 96 kHz for processing efficiency.  

To test the potential for automatic detection of small vessels, we apply a modified basic detector originally designed to 

identify large vessels based on their frequency spectrum. The algorithm quantifies ‘peakiness’ in the spectrum by 

measuring deviations from a Gaussian distribution within a selected frequency band. Ambient natural noise generally 

produces a spectrum that slopes smoothly with frequency, and within a narrow band the real part of the spectrum follows 

an approximately Gaussian distribution with a kurtosis near 3. In contrast, tonal sounds, such as propeller noise, generate 

discrete frequency components at integer multiples of the rotor frequency, producing a heavy right-tailed distribution with 

kurtosis values greater than 3. We tuned both the frequency band and time-bin of the detector by testing them on 

recordings from three representative situations: a single clear boat passage, no boat activity, and many boats present 

simultaneously [10]. A kurtosis threshold was then selected based on manual inspection of these three 1-hour segments 

and performance was evaluated based on the PPV and TPR.  

To estimate the proportion of time detected vessels lacked AIS, we paired PAM detections with AIS data within the 

empirically derived maximum detection radius of ~900 m (determined by matching clear passages in the acoustic data 

with its radar track). 

2.3 Radar observations 

A SCANTER 5202 radar (X-band, 2-D, pulse compression radar, www.terma.com) positioned at Egå Marina (56.207 N, 

10.287 E) recorded data on vessels within a range of 5 km between 55-109° relative to North (Figure 1). Data was 

collected continuously in periods where the radar was not in operation for company testing.  

The radar produced tracks for objects generating stable reflections. For 24 five-minute periods, vessel tracks were 

manually labelled and used to establish thresholds to discriminate boats from noise, waves, or stationary structures. These 

manually labelled periods covered the different times of day, times of the week and season. From the manual inspection 

parameters for the automatic filtering was determined. These parameters were the type of object (defined internally by 

the built-in algorithm in the radar software), the quality of the reflected signal, the cross section based on the reflected 

signal and the speed over ground of the object. The automatic filter was evaluated and fine-tuned against the manually 

labelled tracks based on the PPV and TPR. 

To compare how many vessels were detected by radar and in the AIS data, we paired radar detections with AIS positions 

within area covered by the radar (Figure 1). 

http://www.terma.com/


   

2.4 Timelapse camera observations 

A tikee 4+ PRO timelapse camera (www.enlaps.io) was mounted at Egå Marina at an altitude of 13 m above sea level 

(56.208 N, 10.291 E). The wide-angle timelapse camera provided a panoramic view of the marina entrance and 

surroundings. A dataset of 160 images was manually annotated to identify boats. Detection ranges were estimated via 

comparison with radar: sailboats were visible up to ~1.5 km, whereas smaller motorboats were detected within ~1 km at 

the installed camera height. 

Automated object detection methods have advanced rapidly and are increasingly used for detection of boats and even 

real-time tracking of small boats [11], [12]. In this project, we applied a general pretrained YOLOv11m model [13]. The 

model was run in Python 3.10 [14] using the Ultralytics framework [15] and the Slicing Aided Hyper Inference (SAHI) 

method [16] to improve detection of small objects (tile size: 960×960-pixel tiles, overlap: 20%). The automated detection 

model was evaluated against the manually detected vessels using the PPV and TPR metric. 

We paired the boats detected in images to the AIS data by pairing the camera detections with AIS position in the field of 

view of the camera (Figure 1). 

3 Results 

3.1 Automatic detection algorithms and filters 

For all three methods, the applied automatic detection or filtering algorithm provided a PPV (also known as Precision) 

above 0.8 (Figure 2). This metric is a measure of the inclination for the system to count false positives. A PPV above 0.8 

means that the ability to detect boats correctly with few false positives is strong. The automatic detection filter for the 

radar data has a PPV of 0.96, meaning that the precision of detections is very high.  

On the other hand, both the algorithm for automatic detection of boats in camera and PAM data are of moderate 

performance with TPR values of 0.69 and 0.67, respectively (Figure 2), meaning that these detectors have a moderate 

false negative rate. The detection filter for radar has a stronger performance with a TPR of 0.88. 

 

Figure 2: Barplot representing the evaluation metrics for each automatic detection method. The Positive Predictive 

Value (PPV) is represented by blue bars, and the True Positive Rate is represented by yellow bars. Grey shading 

indicates the detection strength for values, with darker grey shading representing a range of higher detection strength 

compared to the lighter grey shading. 

3.2 Acoustic detections 

Acoustic activity was clearly influenced by time of day and week (Figure 3). Daytime consistently showed more 

detections compared to nighttime and weekends had more vessel activity than during weekdays in the late summer period. 

In one case, the nighttime period had more acoustic activity than during the daytime of the same period (peak summer, 

weekend day). 

http://www.enlaps.io/


   

When comparing PAM detections with AIS positions, more than half of the periods with acoustic detections did not have 

vessel with AIS within detection range of the PAM device (Figure 4). 

 

Figure 3: Barplot summarizing the number of 5-minute time bins that had a presence of boats out of the total 12 5-

minute time bins in an hour across the three different methods (PAM, radar and camera), as well as across season, time 

of the week and time of day. Yellow bars represent data during daylight and blue bars represent data during nighttime. 

Numbers at the top of each bar represent the actual number of positive 5-minute bins in that hour. Some periods do not 

include data, and this is indicated with a grey bar. Note that 100% occupancy in a period only indicates that vessels 

were constantly present in that hour but does not provide information on the intensity of vessel traffic during that hour. 

Figure 4: Stacked barplot representing the proportion of boats that were detected by either by the sensor only (PAM, 

radar or camera), by AIS only or by both the method and AIS across all eight hours of data test data. 



   

Figure 5: Relative density heatmap of the detected vessel traffic across the full 8 hours of test data plotted for A) radar 

and B) AIS data for the same temporal and spatial coverage. The coverage and position of each sensor is plotted to 

match Figure 1. Grid cell size is 100x100 meters and the bounding box expansion factor is 200 meters. 

3.3 Radar detections 

The vessel activity detected by the radar filtering showed a clear difference between the time of day and week. Daylight 

periods consistently had more detected traffic compared to nighttime, and weekend days had more traffic compared to 

weekdays in the late summer period (Figure 3). Across all periods, radar detected markedly more vessels than AIS with 

approximately 90% of radar-detected boats not being included in the AIS data (Figure 4). Overall, across all 8 hours of 

data, there was a substantial mismatch between the density of vessels in the area between the radar and the AIS data 

(Figure 5). 

3.4 Camera detections 

Manual annotations indicated a strong bias towards sailboats (78%) during the study period. There was a clear influence 

of both time of week and season in the vessel traffic detected by the camera (only data collected during daytime). For 

Late summer and Autumn, vessel traffic was higher during weekend compared to weekdays, and Late summer weekend 

day had a higher degree of traffic compared to in Autumn and Winter. In Winter the vessel traffic was markedly lower 

compared to both Late summer and Autumn, and for both weekdays and weekends (Figure 3). 

Applying the pretrained model to images revealed that 78.2% of detected vessels had no corresponding AIS track, echoing 

findings from PAM and radar (Figure 4). 

A) B) 



   

4 Discussion 

This study demonstrates a substantial small-boat activity not monitored by AIS-based methods, indicating that there is a 

clear under-representation of the noise contribution from non-AIS vessels in current underwater noise assessments. This 

includes the MSFD D11C2 assessment, where AIS data are commonly used as primary input in soundscape modelling. 

Across all three monitoring methods tested here, a large part of vessel detections had no corresponding AIS signal, 

confirming that small-boat activity contributes noticeably to underwater noise during certain times of the day, week and 

year (Figure 4). PAM directly measures the acoustic energy in an area and therefore captures vessels generating noise, 

which is important for assessing the contribution of underwater noise from vessels without AIS. Additionally, PAM is 

also able to detect vessels independent of time of day. The main limitations of PAM are that it is only able to detect 

vessels over a relatively short distance and that the detector can only detect presence/absence of vessels, which therefore 

cannot be directly linked to AIS data. Radar provides the highest spatial coverage of the methods tested here, as well as 

a near-continuous detection of surface vessels, while providing a clear distinction between individual vessels in an area. 

However, at present, the radar data does not distinguish between vessel types (e.g. sailboat vs motorboat), and which 

target objects produce underwater noise. Cameras offer visual verification and the possibility of vessel-type classification; 

however the detection range is relatively short, and detection performance depends strongly on viewing conditions and 

the specific training of the detection algorithm. 

Together, the results highlight that no single monitoring method can adequately account for non-AIS vessels, but that 

each provides complementary information valuable for improving assessments of underwater noise. Radar or camera 

observations can quantify relatively small-boat activity within subregions, while PAM can establish the statistical 

relationship between surface traffic and underwater noise. A combined monitoring framework, where AIS is used as a 

baseline for larger vessels, radar or cameras are applied for detecting non-AIS boat presence, and PAM is included for 

measuring acoustic contribution of the observed vessel traffic, can offer a practical and scalable framework. The aim of 

such framework is not to be able to model each individual small-vessel noise emission, but rather to derive a robust 

correction factor at appropriate spatial and temporal scales to be incorporated into current soundscape models and 

therefore approximate the contribution of small-boat traffic in near-coastal areas. 

5 Conclusion 

This pilot project demonstrates that AIS data alone fail to represent the density and behaviour of small recreational vessels 

in Danish coastal waters. PAM, radar, and camera observations each capture different aspects of vessel activity, and 

together they provide a far richer representation of small-boat presence. 

During peak periods, AIS underestimates vessel counts by factors ranging from twofold to nearly an order of magnitude, 

depending on method and time of day. Integrating surface-based observations with acoustic recordings is therefore 

essential for improving future assessments of underwater noise and ensuring accurate representation of underwater noise 

from small vessels. 
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