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 a b s t r a c t

The Autonomous Surface Vehicle (ASV) market is expected to double by 2030, rapidly transforming maritime 
logistics through faster deliveries, lower costs, reduced risks from human error, and the potential to save human 
lives. ASVs depend on robust object detection models to ensure safe navigation. However, existing models are 
often susceptible to natural corruptions such as blur, noise, adverse weather, and occlusions-risks to perception 
robustness further intensified by the lack of domain-specific robustness benchmarks. To fill this gap, we pro-
pose the first waterborne-focused robustness benchmark, incorporating 25 synthetic corruptions (15 adapted 
from ImageNet-C plus 10 novel ones for ASVs) across five severity levels. We also incorporate mixed corruptions 
to capture real-world complexity. Building on three public waterborne datasets (SeaShips, SMD, SSAVE), we 
create SeaShips-C, SMD-C, and SSAVE-C, each augmented with our corruption suite. A comprehensive robust-
ness evaluation is conducted on multiple sizes of YOLOv8, SSD, NanoDet-Plus, and RT-DETR, revealing critical 
vulnerabilities: e.g., YOLOv8n’s mAP50 drops by 43.0% under contrast corruption on SeaShips-C, reaching a 
59.5% decline when combined with raindrops. Larger variants (e.g., YOLOv8x) exhibit greater robustness, of-
fering insights for safer deployments. Aligned with ISO/IEC TR 5469 and IEC 61508, our benchmark supports 
pre-deployment verification. By identifying risk-prone conditions, practitioners can apply targeted mitigation 
strategies, such as data augmentation and human oversight. To promote further research and support industrial 
practice, we provide open access to all benchmark datasets and code-which can also serve as a data augmentation 
resource to enhance model training.

1.  Introduction

Maritime shipping accounts for around 90% of international cargo 
transportation, serving as the “lifeblood of the world economy” 
(Rødseth, 2017). With the rapid advancement of artificial intelligence 
and automation technologies, the development of Autonomous Surface 
Vehicles (ASVs) has increasingly gained attention in the last decade, 
as they offer the potential to revolutionize waterborne transporta-
tion and logistics. ASVs promise significant benefits in this domain, 
including faster deliveries, lower operation cost, enhanced environ-
mental sustainability, and reduced human error risks. According to 
Rothblum (2000), 96% of maritime accidents are related to human
errors.
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The concept of an ASV was defined in Waterborne Technology Plat-
form (2011), sparking a wave of research and development initiatives 
(Adams, 2014; Bertram, 2016; Komianos, 2018; Negenborn et al., 2023). 
Projects such as MUNIN have concluded that, in general, there are no 
major obstacles to the realization of fully autonomous vessels, although 
a few constraints need to be addressed (Rødseth, 2017). Among the most 
important success factors, robust perception systems-particularly visual 
perception-stand out as essential.

ASVs depend on accurate and efficient vision-based object detec-
tion as a fundamental component for safe navigation and intelligent 
real-time decision-making. While sensors such as LiDAR, radar, and 
sonar enhance situational awareness, visual cameras excel in object clas-
sification and identification due to the rich information provided by
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high-resolution images. Object detection serves as the foundation for key 
ASV tasks, including object tracking and path planning. Given the real-
time nature of ASVs, which require high inference speed and low com-
putational cost, they rely on real-time object detection models. These in-
clude Convolutional Neural Network (CNN)-based models such as You 
Only Look Once (YOLO) (Redmon et al., 2016), Single Shot Multibox 
Detector (SSD) (Liu et al., 2016), and NanoDet-Plus (RangiLyu, 2021), 
as well as recent transformer-based models like the Real-Time Detection 
Transformer (RT-DETR) (Zhao et al., 2024).

Despite rapid advancements and increased adoption of vision-based 
approaches in ASVs, ensuring the robustness and dependability of these 
systems remains a significant challenge, particularly since deep learn-
ing models can be severely affected by various corruptions (Ahmed 
et al., 2023; Dodge & Karam, 2016; Geirhos et al., 2018a,b; Rødseth 
& Burmeister, 2015). Failures in waterborne object detection can lead 
directly to severe maritime accidents, such as collisions (Rødseth & 
Burmeister, 2015). Consequently, addressing the robustness limitations 
of vision-based deep learning models is imperative. To ensure safety, 
safety standards like ISO/IEC TR 5469 (ISO & IEC, 2024), IEC 61508 
(IEC, 2010), and safety assurance frameworks including the Assurance 
of Machine Learning in Autonomous Systems (AMLAS) (Hawkins et al., 
2021), explicitly require a model verification phase before operational 
deployment. In this phase, the model must demonstrate compliance with 
predefined safety requirements, including dependable performance un-
der degraded or adverse conditions. Robustness benchmarks, which of-
fer controlled, repeatable, and scalable test scenarios to stress-test model 
performance against various corruptions, are therefore critical to sys-
tematically evaluate and mitigate the risks posed by model performance 
degradation. By identifying potential failure modes early, these bench-
marks facilitate risk assessment, guide targeted improvements, and as-
sist the compliance of safety standards for ASVs.

Current research has focused on naturally occurring data corruption 
robustness (Hendrycks & Dietterich, 2019; Liu et al., 2024), using bench-
marks like ImageNet-C and ImageNet-P for image classification mod-
els against common corruptions and perturbations (Barbu et al., 2019; 
Hendrycks et al., 2021; Hendrycks & Dietterich, 2019; Mu & Gilmer, 
2019). Researchers have extended these efforts to autonomous driving, 
using benchmarks to evaluate object detection robustness (Michaelis 
et al., 2019). However, these benchmarks target general image clas-
sification or autonomous driving, leaving waterborne-specific factors 
under-explored. Compared to road-based autonomous vehicles, ASVs 
operate in uniquely challenging environments characterized by factors 
including strong sun glare intensified by water reflection, the presence 
of adhered droplets on camera lenses from rain or splashing water, and 
complex weather conditions (e.g., fog combined with rain or frost). 
These unique factors, along with dynamic waterborne environments, 
highlight the urgent need for highly robust, vision-based object detec-
tion to ensure safe navigation in dynamic waterborne settings.

In our earlier work, we took a step toward filling this gap by assess-
ing how real-time CNN-based object detectors perform under ImageNet-
C corruptions adapted for maritime images (Wang et al., 2024). Still, 
these corruptions do not capture the distinctive challenges of water-
borne environments where ASVs operate, nor do they consider mixed 
corruptions that more accurately reflect real-world complexity. In fact, 
existing benchmarks rarely evaluate how well models tolerate simul-
taneous corruptions, an omission that can underestimate the practical 
vulnerability of vision-based perception systems.

Given the high stakes of ASV’s safety, there is a clear need for 
domain-specific robustness benchmarks and verification datasets that 
complement safety standards and safety assurance frameworks. Beyond 
post-hoc verification, robustness benchmarks themselves can serve as 
effective data augmentation tools, improving model robustness during 
training, while not being used for verification meanwhile. This dual role-
verification and augmentation-aligns directly with industry demands for 
both robust model development and a rigorous verification phase prior 
to deployment in safety-critical environments.

In this paper, we address these gaps by proposing the first maritime-
focused robustness benchmark, which comprises three key contribu-
tions:

• Development of a novel robustness benchmark: We address a key 
concern in utilizing vision-based object detection for ASVs by intro-
ducing a comprehensive robustness benchmark tailored for visual 
object detection in ASVs. It enhances the ImageNet-C benchmark 
with 10 novel corruption types at 5 severity levels. This results in 
a benchmark featuring 25 types of synthesized waterborne corrup-
tion types, including mixed corruptions-the first effort of its kind-
reflecting real-world complexity often omitted in standard bench-
marks. This benchmark can be integrated into the model verifica-
tion phase as specified by safety standards (IEC/ISO TR 5469, and 
IEC 61508) and safety assurance frameworks (AMLAS). The results 
of the benchmark are directly actionable for industrial practice.

• Creation of enhanced benchmark datasets: To facilitate the ro-
bustness testing of object detection models for ASVs, we introduce 
three new datasets, SeaShips-C, SMD-C, and SSAVE-C. These datasets 
are based on existing public waterborne datasets but extensively 
augmented with our comprehensive corruption suite. They provide 
a shared testbed to rigorously verify and compare object detection 
models for ASVs.

• Comprehensive evaluation of state-of-the-art models: We con-
duct an extensive evaluation that incorporates additional experi-
ments on novel corruptions and recent models (i.e. the RT-DETR fam-
ily), compared with Wang et al. (2024), assessing models’ preserved 
performance under various corruption severities. The results reveal 
specific vulnerabilities in investigated object detection models across 
various datasets, emphasizing areas where robustness improvements 
are needed. These insights can guide future research toward more 
robust detection systems for ASVs.

The remainder of the paper is organized as follows. Section 2 presents 
the related work. Section 3 elaborates on the developed robustness 
benchmark. Subsequently, Section 4 provides a comprehensive evalu-
ation using this benchmark, presenting results and a discussion. Sec-
tion 5 presents the conclusions and offers several suggestions for future 
research. Lastly, appendices with supplementary tables and figures are 
provided.

2.  Related work

2.1.  Benchmarking corruption robustness

The deficiency in robustness has been widely demonstrated for deep 
learning models, particularly CNNs. Dodge and Karam (2016) have 
shown that Deep Neural Network (DNN) models for image classifica-
tion are susceptible to quality distortions. According to Geirhos et al. 
(2018b), the performance of CNNs on object recognition deteriorates 
more rapidly than human performance under various types of im-
age degradations. ImageNet-trained CNNs have been discovered to be 
strongly biased towards recognising textures rather than shapes, which 
contrasts human behavior (Geirhos et al., 2018a). Generally, two types 
of robustness are investigated in literature: natural corruption robust-
ness caused by natural distribution shifts and adversarial robustness 
caused by adversarial attacks. For corruption robustness, benchmarks 
such as ImageNet-C and ImageNet-P have been proposed to evaluate 
the robustness of image classification models against common corrup-
tion and perturbations by Hendrycks and Dietterich (2019). Other works 
have also contributed to the benchmarking and evaluation of corruption 
robustness, such as MNIST-C proposed by Mu and Gilmer (2019), Ob-
jectNet by Barbu et al. (2019), and DeepFashion Remixed by Hendrycks 
et al. (2021). As most works focus on classification robustness, there 
is also a benchmark for object detection in autonomous driving being 
proposed by Michaelis et al. (2019) based on the corruption types in 
ImageNet-C (Hendrycks & Dietterich, 2019). Hendrycks et al. (2021) 
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and Arsenos et al. (2024) investigate the transferability of improvements 
in corruption robustness benchmarks to real-world distribution shifts, 
demonstrating their practical relevance in diverse scenarios.

2.2.  Towards enhanced corruption robustness

Various works focus on improving performance on data with natural 
distribution shifts in different ways. One approach is to restore the image 
by removing the corruption. Numerous studies have developed meth-
ods for denoising (Goyal et al., 2020), deblurring (Zhang et al., 2022), 
rain removal (Wang et al., 2020), fog removal (Liang et al., 2021), etc. 
However, a limitation of these algorithms is that they currently target 
specific types of corruption, while real-world scenarios involve diverse 
corruption types.

Another approach is data augmentation, where various techniques 
are applied to improve model robustness. Although models trained or 
pretrained on a specific corruption type can surpass human performance 
on that particular corruption type, this does not imply generalization of 
robustness to other corruption types (Geirhos et al., 2018b). However, 
in other works, some data augmentation techniques like style transfer 
(Geirhos et al., 2018a) and AugMix (Hendrycks et al., 2019) have been 
found to improve corruption robustness across multiple types of cor-
ruption. Nevertheless, robustness gains are typically not uniform across 
different corruption types (Yin et al., 2019).

Other techniques, such as self-attention, pretraining, and larger mod-
els, have also been studied to improve corruption robustness, mainly 
for classification. In specific image classification robustness bench-
marks, ResNet-152 has demonstrated superior robustness compared to 
its smaller counterpart, ResNet-50 (Hendrycks et al., 2021).

2.3.  Situational awareness of ASVs

Both non-vision-based and vision-based object/obstacle detection 
approaches have been extensively studied to ensure the safe naviga-
tion of ASVs. For non-vision-based approaches, technologies such as Li-
DAR, radar, sonar, the Global Navigation Satellite System (GNSS), and 
the Automatic Identification System (AIS) can be employed to provide 
navigation awareness for ASVs (Lyu et al., 2022). LiDAR is effective 
for detecting objects and obstacles within a range of approximately 1 
to 200m with good precision, although its range and accuracy can di-
minish in adverse weather conditions (Villa et al., 2020). In contrast, 
radar offers more robust performance across various weather scenarios, 
capable of detecting objects at greater distances (from 40m to 72 nau-
tical miles), particularly those with a high Radar Cross Section (RCS), 
which indicates the extent to which a target reflects radar signals back to 
the source. For current large merchant ships, radar is the most widely 
used equipment for detection (Lyu et al., 2022). However, radar may 
not perform as well in densely populated areas or for detecting objects 
with a low RCS (Bloisi et al., 2015, 2016; Szpak & Tapamo, 2011; Wen 
et al., 2021). Sonar is mainly utilized for identifying underwater objects 
that exhibit distinct acoustic characteristics in Autonomous Underwater 
Vehicles (AUVs) (Hayes & Gough, 2009). It also shows potential for ob-
stacle detection in ASVs according to Heidarsson and Sukhatme (2011). 
GNSS is used for positioning the ASV itself (Zhang et al., 2018) and is 
often integrated with AIS and the Electronic Navigational Chart (ENC) 
to facilitate path planning. AIS, a waterborne communications system, 
allows vessels to share key navigational data, including identity, speed, 
position, course, heading, and navigational status. However, it is im-
portant to note that smaller boats, such as private yachts and fishing 
vessels, may lack AIS, thus limiting nearby vessels from detecting them 
with the AIS signal (Hesselbarth et al., 2020).

Vision-based technologies, utilizing images and video data captured 
by cameras, offer distinct advantages over non-vision-based methods 
in ASVs and, therefore, gain increasing attention and interest in this 
field. These include intuitiveness and account for a rich set of data char-
acteristics such as shape, color, and texture, which are critical for ob-

ject classification, scenario analysis, and decision-making processes (Bai 
et al., 2016; Huang et al., 2021; Prasad et al., 2017). Moreover, vision-
based systems can detect objects that may be missed by radar or Li-
DAR technologies (Lyu et al., 2022). The integration of vision-based 
approaches, particularly through deep learning models like YOLO, is 
widely acknowledged for its significant practical value in enhancing ASV 
navigation (Lyu et al., 2022). Notable applications include the use of 
YOLOv3 for object detection across various maritime scenes (Chen et al., 
2020), a saliency-aware CNN framework for real-time, high-accuracy 
ship detection (Shao et al., 2019), and a positioning system based on 
the YOLOv3 model for auto-docking, which has been successfully tested 
on a small ASV (Volden et al., 2022). While vision-based approaches 
for object detection in ASVs offer significant advantages, they also face 
considerable challenges due to natural disturbances such as adverse 
weather conditions, occlusions, and varied lighting conditions, includ-
ing sun glare, brightness, and contrast (Cheng et al., 2021; Guo et al., 
2023; Shao et al., 2018; Wang et al., 2024). To enhance the robustness 
of object detection systems, vision-based technologies can be effectively 
integrated with non-vision-based methods. For instance, combining im-
age data with LiDAR or radar data has improved detection accuracy 
and dependability (Cheng et al., 2021; Nobis et al., 2019; Stanislas & 
Dunbabin, 2018). Moreover, verifying vision-based approaches in vari-
ous challenging navigation scenarios enhances the trustworthiness and 
effectiveness of these combined systems by allowing for an informed 
assessment of risks associated with vision-based technologies.

2.4.  Safety verification in the context of ISO/IEC standards and safety 
assurance frameworks

Ensuring the safety of ML components within safety-critical systems, 
including ASVs, requires rigorous verification processes that align with 
established safety standards. IEC 61508 (IEC, 2010) outlines a compre-
hensive functional safety lifecycle, including safety verification and vali-
dation phases following system realization, for electrical, electronic and 
programmable electronics safety-related systems. It is acknowledged in 
ISO/IEC TR 5469 (ISO & IEC, 2024) as a foundational lifecycle that 
can be tailored and adapted to address the specific challenges of AI sys-
tems, such as robustness to corruption. ISO/IEC 5338 (ISO & IEC, 2023) 
further defines the lifecycle for AI systems as a structured series of pro-
cesses, explicitly including verification as a core process. In parallel, 
the AMLAS framework Hawkins et al. (2021) provides a structured ap-
proach for building safety cases around ML components. Within AMLAS, 
the model verification stage is a critical stage, requiring the verification 
of ML system behavior against defined safety requirements.

While formal verification methods aim to mathematically guaran-
tee system correctness, they often prove infeasible for complex percep-
tion systems (Huang et al., 2020). Test-based verification, by contrast, 
offers a more scalable and practical alternative for assessing risk un-
der controlled conditions. Our benchmark, by exposing real-time object 
detection models to a suite of corrupted inputs with varying severity, 
contributes to this risk-driven verification step. The results offer quan-
titative evidence that can support risk assessment, guide safety case 
development, and inform threshold-based acceptance criteria. Further-
more, it facilitates the scoping of safety goals, and informs human-in-
the-loop oversight mechanisms by identifying prominent risk factors, 
which are practices that are emphasized in the AI Act, a regulation lay-
ing down harmonized rules on AI systems proposed by European Com-
mission (2021), and supported by the above standards and frameworks.

3.  Methodology

To assess the robustness of real-time object detection approaches 
in the context of ASVs, we propose a benchmark comprising three key 
components: corruption algorithms, benchmark datasets for robustness
verification, and robustness evaluation metrics, as illustrated in Fig. 1. 
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Fig. 1. Visualization of the proposed benchmark. This benchmark comprises three key components: corruption algorithms, benchmark datasets, and robustness 
metrics.

The corruption algorithms simulate various realistic waterborne con-
ditions to generate the benchmark datasets for robustness verification. 
These datasets are then used to evaluate the performance of object de-
tection models using specific robustness metrics. In this section, we de-
tail the methodology for generating corruptions, describe the creation of 
the robustness benchmark datasets, and outline the evaluation metrics 
utilized.

3.1.  Corruption

Corruption refers to distortions or degradations in image data caused 
by noise, weather conditions, lighting changes, occlusions, or sensor 
malfunctions, which can adversely impact the performance of vision-
based models. In existing literature, there are two distinct technical 
routes to introduce corruption in datasets: (1) using corrupted images 
collected from real-world scenarios or (2) using synthesized corrup-
tion. Each has its unique strengths and limitations. For synthesized 
corruption-based benchmarks, creating a test dataset with various sever-
ity levels of abundant corrupted images is comparatively easier, more 
cost-effective, and more practical than collecting corrupted images from 
a wide range of real-world scenarios. Additionally, this approach allows 
for the reuse of object detection labels, making it a reasonable choice 
for verifying known unknowns. There might be a pertinent concern re-
garding the extent to which offline evaluations conducted on corruption 
robustness benchmarks accurately mirror a model’s robustness in real-
world scenarios. However, improvements in artificial robustness bench-
marks are already found to be transferable to real-world distribution 
shifts in various works (Arsenos et al., 2024; Hendrycks et al., 2021).

In this work, we introduce a robustness benchmark that encompasses 
25 synthesized corruption types. This benchmark extends beyond the 15 
corruption types identified in ImageNet-C by incorporating 10 specific 
types for ASVs. The additional corruptions include 4 pure corruptions 
typical in ASV environments (rain, raindrops and water droplets adhered 
to camera lens or bridge windows, sun glare, and occlusion), five com-
mon mixed corruptions (rain with fog, frost with fog, raindrops with 
contrast, Gaussian noise with contrast, sun glare with motion blur), and 
one random mixed corruption generated by randomly selecting two out 
of the 19 defined pure corruption types.

Each corruption is implemented across five severity levels, ranging 
from negligible (level 1) to severe (level 5). This five-level scheme is 
consistent with the standardized structure established by ImageNet-C, 
and widely adopted across other robustness benchmarks such as CIFAR-
10-C (Hendrycks & Dietterich, 2019), Cityscapes-C (Michaelis et al., 
2019), KITTI-C, nuScenes-C (Dong et al., 2023) and ModelNet-C (Ren 

et al., 2022). These benchmarks, including ours, define severity levels 
through parameterized adjustments that progressively degrade image 
quality or increase task difficulty. For example, in ImageNet-C, Gaus-
sian noise severity is quantified via increasing standard deviations, and 
motion blur is defined by growing kernel sizes. Such quantitative defi-
nitions ensure that severity levels are both measurable and controllable. 
For the 15 corruption types adopted directly from ImageNet-C, we retain 
the original parameter settings at each severity level, ensuring align-
ment and comparability with the broader robustness literature. For the 
newly introduced corruption types, we define severity levels based on 
empirical calibration, perceptual gradation, and operational relevance 
in real-world maritime conditions. Parameters such as rain streak inten-
sity, droplet density, occlusion area, sun glare radius are systematically 
varied to create five distinct levels that are perceptually distinguishable 
and practically meaningful in ASV contexts, and monotonically increas-
ing in difficulty.

Notably, our corruption methodology operates entirely from the data 
side, independent of model architecture or complexity, and scales lin-
early with the size of the evaluation dataset. While the full benchmark 
includes 25 corruption types applied across five severity levels (125 vari-
ations per image), the corruption generation process is parallelizable, 
enabling efficient execution. In scenarios where storage or compute be-
comes a bottleneck, corruptions can be generated on-the-fly during eval-
uation, or the benchmark can be applied selectively to representative 
slices of the test dataset. The corruption generation pipeline is designed 
to be scalable, controllable, and adaptable to varying practical needs.

The rest of Section 3.1 provides a detailed overview of the 25 cor-
ruption types. Section 3.1.1 summarizes the 15 existing corruption types 
from ImageNet-C. The four newly added pure corruption types are 
then described: rain (Section 3.1.2), raindrops and water droplets ad-
hered to camera lenses or bridge windows (Section 3.1.3), sun glare
(Section 3.1.4), and occlusion (Section 3.1.5), with severity level quan-
tification details presented in Appendix A. Lastly, the five common 
mixed corruption types and one random mixed corruption type are col-
lectively discussed in Section 3.1.6.

3.1.1.  15 Corruption types in ImageNet-C
The 15 corruption types in ImageNet-C can further be classified 

into four categories, related to lighting conditions (Gaussian noise, shot 
noise, brightness, and contrast), related to adverse weather conditions 
(glass blur, snow, frost, fog), related to the camera movement (defo-
cus blur, motion blur, and zoom blur), and related to digital process-
ing or errors that occur during digital processing (impulse noise, elastic
transform, pixelation, and JPEG compression), making them also com-
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Fig. 2. An example image from the SeaShips dataset under the 15 ImageNet-C corruption types at severity 3.

mon to ASVs. Fig. 2 depicts an example from the SeaShips dataset cor-
rupted with the 15 corruption types.

3.1.2.  Rain
Rain significantly affects the visibility of the surrounding environ-

ment for ASVs (Lyu et al., 2022), making it a crucial corruption type to 
consider in robustness benchmarks. One challenge is the scarcity of im-
age data collected under adverse weather conditions for ASVs (Volden 
et al., 2022), such as heavy rain. To address this, various studies have 
developed methods to synthesize rain, primarily motivated by the need 
for autonomous driving verification and improvement (Halder et al., 
2019; Joaedl, 2019; Wei et al., 2021). Despite extensive research in au-
tonomous driving, verifying synthesized rain effects in ASVs has been 
comparatively neglected. To bridge this gap, we adapt the methodology 
from Joaedl (2019), to incorporate rain corruption into our benchmark. 
We introduce a rain mask to the original images, composed of slen-

der rectangles that simulate rain streaks. These streaks’ slope, length, 
width, density, blur, transparency, and intensity are adjusted to mirror 
real-world conditions. Furthermore, we establish five different severity 
levels of rain corruption with variations in the number, length, and in-
tensity of rain streaks, aligning with the standards set in ImageNet-C to 
ensure a consistent and comprehensive test benchmark across various 
corruption types. This corruption type is visualized together with other 
newly-added corruption types in Fig. 3.

3.1.3.  Raindrops and water droplets adhered to camera lens or bridge 
windows

Adhered raindrops and water droplets on camera lenses, wind-
shields, or bridge windows present another significant type of corrup-
tion for ASVs, distinct from rain streaks introduced in Section 3.1.2. 
Although both types of corruption can occur during rainy conditions, 

Fig. 3. An image from SeaShips under 5 severity levels 𝑠 of the newly-added pure corruption types.

Expert Systems With Applications 296 (2026) 129151 

5 



Y. Wang et al.

raindrops possess unique characteristics and a wider variety, necessitat-
ing their separate consideration in vision-based deep learning models.

To synthesize raindrops corruption, we adapt a physics-based 
method proposed by Hao et al. (2019) that considers water dynamics, 
geometry, and photometry. In this method, a virtual imaging system 
is modeled, with raindrops adhering to a transparent interface located 
along the optical axis, with a background plane located further behind. 
Raindrops are randomly distributed on the glass surface and modeled as 
spherical caps. For each pixel in the synthetic image, the corresponding 
light ray is traced: if no raindrop is intersected, the background pixel 
value is retained. If the ray passes through a raindrop, its path is re-
fracted according to water-air boundary conditions, and the pixel is as-
signed the value from the ray’s intersection with the background plane. 
In cases where total internal reflection occurs (commonly at droplet 
boundaries), pixels are set to black, simulating the “dark band” effect 
observed in real-world imagery. To further enhance realism, a disk blur 
kernel (typically 7-20 pixels in diameter) is applied to raindrop regions, 
mimicking the soft appearance of raindrops captured by cameras due to 
limited depth of field. Building upon this framework, we implement a 
Python-based variant to synthesize raindrop corruptions at five sever-
ity levels, determined by varying the visible density of raindrops. We 
further refine the procedure to generate all five severities from a sin-
gle clean image in batch, enabling stable raindrop positioning across 
levels and reducing computational overhead. These optimizations cut 
processing time by 90%, facilitating efficient deployment in industrial
settings.

3.1.4.  Sun glare
Sun glare is a common phenomenon in the daily navigation of ASVs, 

where intense sunlight near the horizon can severely obstruct a cam-
era’s view. This corruption poses significant challenges for vision-based 
object detection models. While sun glare also commonly impairs cam-
eras in other applications, such as autonomous driving, it is even more 
pronounced in ASVs due to the reflective water surfaces that intensify 
its effects. Despite its prominence in ASV environments, sun glare has 
long been neglected in test verification processes for these systems, a 
gap in the research that is critical to address.

Limited studies have explored the generation and removal of sun 
glare in land transportation. For instance, Chen et al. (2021) developed 
a synthesized image dataset of sun-glared license plates for electronic 
toll collection systems by manually adding glare masks to clean images 
using Photoshop. However, this method is unsuitable for our robust-
ness benchmark, which requires automatically synthesizing corrupted 
images from random clean ones.

Inspired by Wu and Pradalier (2019), which treats sun glare as local 
illumination changes, we develop a method to synthesize sun glare by 
adjusting the local illumination in an image. To simulate the sun glare 
corruption effect, we implement a multi-component masking strategy 
that approximates both the central glow and radiating spikes commonly 
observed in real-world glare. First, we determine the glare center by se-
lecting a point along the upper boundary of the target object’s bounding 
box. This placement mimics the typical positioning of the sun relative to 
objects in natural scenes. Around this center, we construct a set of con-
centric circular masks, with radii increasing in fixed steps of 3 pixels, up 
to an outermost radius determined by the severity level. To simulate the 
brightening associated with central glare, each circular mask is assigned 
an increasing brightness level toward the center. The cumulative over-
lay of these masks forms a stepped radial gradient that approximates a 
smooth, centralized glow.

To enhance realism with directional light artifacts, we augment the 
circular glow using four slim, diamond-shaped masks. These masks are 
centered on the glare point and randomly rotated to simulate the angu-
lar variability seen in natural sun glare patterns. Within each diamond 
mask, we apply a brightness gradient similar to the radial one used in 
the circular masks, increasing pixel intensities from the outer edges in-
ward. This combination of concentric radial glow and angular spikes al-

lows our method to effectively mimic the characteristic structure of sun 
glare, while enabling controlled variation through the severity levels. A 
comparison of our method with the two existing methods is visualized 
in Fig. B.9 in Appendix B.

3.1.5.  Occlusion
Occlusion is also a frequent challenge in ASVs’ daily navigation sce-

narios. Inevitably, various elements such as ships, vessels, obstacles, 
navigation marks, and waves, may obscure objects from the camera’s 
perspective on an ASV. To effectively address this, object detection mod-
els must be capable of handling occlusions. In our approach, we synthe-
size occlusion by randomly masking a square region of a clean image. To 
determine the severity levels of occlusion, we consider the area of the 
masked region and its positional relationship to the object. Additionally, 
the area of the masked region is proportionate to the object it intends 
to occlude; thus, a small area is not used to obscure a large object, nor 
is a very large area used to obscure a small object.

3.1.6.  Mixed corruption types
In addition to newly introduced pure corruption types, our study also 

incorporates mixed corruptions composed of two distinct pure types. 
This enhancement reflects the complex and diverse scenarios encoun-
tered in real-world navigation. For instance, phenomena such as rain 
and fog often occur simultaneously in autonomous waterborne opera-
tions.

Since certain mixed corruption types are particularly common in 
real-world conditions, their verification requires special attention. We 
include five common mixed corruption types specifically relevant to 
waterborne applications, thereby enhancing the benchmark’s practical 
focus and depth. Importantly, as our benchmark serves as a standard-
ized tool, it remains flexible, allowing users to generate any desired 
mixed corruption combinations from the pure types. This flexibility en-
ables users to extend or replace the five predefined common mixed cor-
ruptions, facilitating customized testing based on specific operational 
needs. The five common mixed corruptions are defined as:

• Rain with Fog: Frequently co-occurring in waterborne settings, pre-
senting significant visual challenges.

• Frost with Fog: Typical in cold weather conditions, these conditions 
need to be verified for year-round operations in waterborne contexts.

• Raindrops with Contrast: This phenomenon occurs when raindrops 
adhere to the camera lens, windshield, or bridge windows of ASVs, 
distorting and scattering light. It is often accompanied by reduced 
contrast in overcast or stormy conditions.

• Gaussian Noise with Contrast: Both commonly appear in low-light 
conditions, making their combined effect a critical test case.

• Sun Glare with Motion Blur: Common during navigation in sunny 
conditions.

Each mixed corruption type is defined across five severity levels (vi-
sualized in Fig. 4), corresponding to the severity of the based pure cor-
ruptions. For example, the first severity level of a mixed corruption is 
synthesized using the first severity level of both contributing pure cor-
ruption types. This systematic approach extends to other severity levels, 
ensuring a consistent and scaled approach to severity across the bench-
mark.

Given the 19 identified pure corruption types, there exists a vast 
space of potential mixed corruption combinations. Comprehensive 
safety verification benefits from exploring this diversity. In addition 
to the 5 common mixed corruptions, we introduce a method for gen-
erating a random mixed corruption type to ensure broad representa-
tion within our benchmark. For each image, this method randomly se-
lects two of the 19 pure corruption types and applies them at matching 
severity levels. These two selected types are then fixed across all five 
severity levels for this image, ensuring uniformity and intuitive testing
conditions.
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Fig. 4. Five common mixed corruption types added on an image from SeaShips, at severity level 3.

By incorporating pure, specific common mixed and random mixed 
corruption scenarios, our benchmark aims to comprehensively assess an 
ASV’s visual detection systems under a broad spectrum of operational 
challenges.

3.2.  Benchmark datasets

To enhance dataset diversity, we base our research on three datasets 
(SeaShips, SMD, and SSAVE) with various camera settings (onboard, on-
shore, and on a drone) and distinct waterborne environments (maritime 
and inland waterway). To assess robustness, we apply the 25 corruption 
types from the proposed benchmark to these clean test datasets, result-
ing in three corrupted datasets that can be used for test-based model 
verification: SeaShips-C, SMD-C, and SSAVE-C. This subsection further 
elaborates on the characteristics of SeaShips, SMD, and SSAVE datasets, 
as well as the three corrupted verification datasets derived from
them.

3.2.1.  SeaShips, SMD, and SSAVE
Seaships is a large-scale and well-annotated maritime dataset specif-

ically created for ship object detection (Shao et al., 2018). The online 
released version of SeaShips includes 7000 images in total, consisting of 
six common ship types: ore carrier, passenger ship, container ship, bulk 
cargo carrier, general cargo ship, and fishing boat. This dataset is ob-
tained by cameras deployed in different locations onshore. The dataset 
also includes ship images of various sizes, under different lighting con-
ditions and from different viewpoints.

Singapore Maritime Dataset (SMD) is another widely used maritime 
object detection and object tracking dataset (Prasad et al., 2017). This 
dataset provides 51 Visual-Optical (VIS) and 30 Near Infrared (NIR) 
videos taken from Singapore waters with 10 classes of annotations. In 
this paper, we only consider the VIS videos. Of these 51 VIS videos, 40 
were captured with onshore cameras, while 11 were recorded using on-
board cameras. Different illumination conditions, such as fog, daylight, 
and dark/twilight, are also covered in this dataset. Due to severe class 
imbalance, where several classes contain very few instances, we frame 
the object detection task as a two-class problem: object vs. background. 
This simplification is consistent with common practice in prior work, as 
noted in Moosbauer et al. (2019).

Shared Situational Awareness between Vessels (SSAVE) is a small-
scale dataset that contains 827 representative images gathered in vari-
ous Belgian waterways (Lahouli et al., 2022). Unlike SeaShips and SMD, 
SSAVE is an inland waterway dataset with specific backgrounds and ob-
jects, such as various types of markers on the water surface. The images 
in SSAVE are captured either onboard from a navigating barge or from 
a camera mounted on a drone.

The dataset splits for all three datasets follow the configuration es-
tablished in Wang et al. (2024).

3.2.2.  SeaShips-C, SMD-C, and SSAVE-C
SeaShips-C, SMD-C, and SSAVE-C are three robustness benchmark 

datasets developed from their respective base datasets (SeaShips, SMD, 
and SSAVE) by incorporating the 25 corruption types specified in our ro-
bustness benchmark. SeaShips-C contains a total of 17500 images, SMD-
C comprises 3325 images, and SSAVE-C includes 2075 images. Each 
dataset is presented with an example image in Fig. 1. It is important to 
clarify that these datasets are designated for robustness evaluation and 
model verification; they are not to be used for training purposes in the 
meanwhile.

The robustness benchmark datasets were constructed by applying the 
25 corruption algorithms (illustrated in Fig. 1) to the clean test datasets. 
Each benchmark dataset has an equal distribution of images for each 
of the 25 corruption types, ensuring balanced representation across all 
corruptions.

3.3.  Evaluation metrics

Generally, the performance of object detection models is evaluated 
with two standardized performance metrics: mAP50 and mAP, where 
mAP50 denotes the mean Average Precision computed at 50% Intersec-
tion over Union (IoU) and mAP denotes the mean Average Precision 
averaged over 10 IoU values ranging from 0.50 to 0.95 with a step size 
of 0.05 (.50:.05:.95).

As a mathematical definition of robustness is still largely missing in 
the literature, similar to Michaelis et al. (2019), we consider the robust-
ness here as a model’s ability to preserve its model performance under 
natural corruption. We also assume that a model’s ability to preserve 
its model performance under natural corruption may vary depending 
on the type of corruption. Based on this assumption, we propose two 
metrics to evaluate model robustness under a specific corruption type. 
These metrics are derived from the two standardized performance met-
rics, mAP50 and mAP.

Based on mAP50, we define a robustness metric on a corruption type 
as the relative mean average precision at 50% IoU on the corruption 
type 𝑐:

rmAP50𝑐 = 1
𝑆

∑𝑆
𝑠=1 mAP50𝑠,𝑐
mAP50

× 100%, (1)

where 𝑠 denotes the level of severity of this corruption, 𝑆 is the to-
tal number of severity levels (𝑆 equals 5 in this work), mAP50𝑠,𝑐 stands 
for the mean Average Precision at IoU 50% obtained under corruption
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type 𝑐 at severity level 𝑠, and mAP50 stands for the measure obtained 
on the clean test dataset without synthesized corruption. rmAP50𝑐  then is 
the preserved percentage of mAP50 performance under corruption type 
𝑐 averaged across all levels of severity.

Similarly, based on mAP, we define another robustness metric on a 
corruption type as the relative mean average precision which averages 
over IoUs between 50% and 95% on corruption type 𝑐:

rmAP𝑐 =
1
𝑆

∑𝑆
𝑠=1 mAP𝑠,𝑐
mAP

× 100%, (2)

where mAP𝑠,𝑐 stands for the mean Average Precision averaged over IoUs 
under corruption type 𝑐 at severity level 𝑠, and mAP stands for the mea-
sure on the clean test dataset without any synthesized corruption. Sim-
ilar to rmAP50𝑐 , rmAP𝑐 denotes the preserved percentage of mAP perfor-
mance when subjected to corruption type 𝑐, averaged across all levels 
of severity.

Notably, for both rmAP50𝑐  and rmAP𝑐 , higher values indicate greater 
model robustness against the specified corruption type, as they reflect 
the extent to which the model’s original performance is maintained un-
der corruption.

We also define two average robustness metrics to represent the ro-
bustness averaged over various corruption types based on rmAP50𝑐  and 
rmAP𝑐 respectively, which are calculated as follows:

rmAP50avg =
1
𝐶

𝐶
∑

𝑐=1
rmAP50𝑐 , (3)

rmAPavg =
1
𝐶

𝐶
∑

𝑐=1
rmAP𝑐 , (4)

where 𝐶 represents the total number of corruption types. rmAP50avg and 
rmAPavg represent a model’s average ability to preserve its performance 
over various defined corruption types. Similar to rmAP50𝑐  and rmAP𝑐 , 
higher values for rmAP50avg and rmAPavg indicate greater robustness, re-
flecting the model’s overall resilience across multiple corruption scenar-
ios.

4.  Results and discussion

The primary objective of this study is to introduce a comprehen-
sive robustness benchmark tailored for verifying object detection models 
in the challenging waterborne environment encountered by ASVs. This 
benchmark includes 25 distinct corruption types across five severity lev-
els, to rigorously evaluate model performance under various corruption 
scenarios.

To validate the efficacy and applicability of our robustness bench-
mark, this section addresses five key research questions (RQs), each cor-
responding to a dedicated subsection:

• RQ1: How do models perform across various state-of-the-art real-time 
object detection architectures, and across multiple waterborne datasets?

Section 4.1 assesses and discusses the performance from the two 
perspectives.

• RQ2: Which corruption types most significantly degrade model perfor-
mance on waterborne environments, and which have a minimal impact?

Section 4.2 analyzes the impact of corruption type on robustness.
• RQ3: How does the model size affect the robustness?

Section 4.3 investigates the correlation between model size and 
robustness on benchmark datasets.

• RQ4: How does the presence of mixed corruption differ from pure cor-
ruption in terms of robustness?

Section 4.4 compares model performance under pure versus 
mixed corruption scenarios across different severity levels.

• RQ5: How do the proposed robustness metrics correlate with real-world 
failure modes and risks?

Section 4.5 links benchmark metrics to real-world detection fail-
ures, emphasizing the benchmark’s relevance to ASV safety.

Each subsection presents and analyzes experimental results and rein-
forces how these findings validate the robustness benchmark’s effective-
ness and utility as a standardized tool for model verification in ASVs.

4.1.  Benchmark validation across different architectures and datasets

To validate our proposed robustness benchmark, we employed a two-
stage experimental methodology to evaluate the performance of various 
object detection architectures across multiple waterborne datasets.

• Stage 1: Evaluation across different architectures on a single dataset. 
In the first stage, we assessed four state-of-the-art real-time object 
detection models, YOLOv8, SSD, NanoDet-Plus, and RT-DETR, on 
SeaShips-C which includes most images among the datasets consid-
ered. Each model was evaluated in different sizes and with varying 
network backbones to capture a broad range of architectural perfor-
mances. This approach aimed to identify universal weaknesses and 
performance trends inherent to each architecture when subjected to 
the same set of corruption scenarios.

• Stage 2: Evaluation of a single model family across different datasets. 
The second stage extended the evaluation to YOLOv8 models across 
three benchmark datasets: SeaShips-C, SMD-C, and SSAVE-C, as in-
troduced in Section 3. By maintaining a consistent model family 
while varying the datasets, this stage aimed to uncover dataset-
specific robustness factors and assess how different data environ-
ments influence model performance under identical corruption con-
ditions.

For the training process, each model was consistently trained on the 
clean datasets using default settings, including hyperparameters and 
data augmentation methods as specified in their respective sources. 
Specifically, YOLOv8, SSD, and NanoDet-Plus retain the exact training 
configurations established in our previous work (Wang et al., 2024), 
which adopted default settings from their original references (Jocher 
et al., 2023; Li, 2018; RangiLyu, 2021). The newly evaluated RT-DETR 
follows the default training settings provided by its official paper (Zhao 
et al., 2024). For the evaluation process, models are evaluated on both 
the clean and the corrupted test datasets, including 25 types of corrup-
tion at all five severity levels. Every model undergoes a rigorous training 
and evaluation process repeated five times to ensure statistical reliabil-
ity, with performance metrics averaged across runs to provide consoli-
dated insights.

We present the results of Stage 1 and Stage 2 in Tables 1 and 2, re-
spectively. In these tables, the robustness metrics-rmAP50avg and rmAPavg, 
which represent the models’ average relative performance across all 25 
corruptions-are the primary focus. To provide additional context, we 
also report the absolute object detection performance on the clean test 
datasets using mAP50 and mAP. Note that the robustness metrics are 
not directly comparable to the clean performance scores, as the for-
mer are calculated relative to the corresponding clean performance (see 
Eqs. (1)–(4)).

Detailed robustness scores for each corruption, rmAP50𝑐, are pro-
vided in Tables C.4 and C.5 in Appendix C for both stages. Notably, 
rmAPavg and rmAP𝑐 scores, yields findings highly analogous to those 
of rmAP50avg and rmAP50𝑐 , as presented in Fig. 5. Therefore, to maintain 
clarity and brevity, only the detailed rmAP50𝑐  scores are presented in 
Appendix C and subsequent figures.

From Table 1, we observe that on the clean SeaShips dataset, both 
CNN-based YOLOv8 models and transformer-based RT-DETR models de-
liver strong performance: RT-DETR achieves the highest mAP50, while 
YOLOv8 generally attains higher mAP. In terms of robustness, both 
YOLOv8 and RT-DETR maintain higher relative performance under cor-
ruption, whereas SSD is notably vulnerable to certain corruptions such 
as adverse weather and occlusion (see Appendix C). Although SSD un-
derperforms on the clean dataset, it demonstrates the highest infer-
ence speed. NanoDet-Plus, despite offering the shortest training time per 
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Table 1 
Average robustness results (rmAP50avg (%) and rmAPavg (%)), clean detection results (mAP50 and mAP), training time per epoch, and 
inference speed (frames per second, FPS) on the SeaShips-C/SeaShips dataset for YOLOv8, SSD, NanoDet-Plus, and RT-DETR models. 
The epoch time and inference speed were measured on NVIDIA Tesla P100 GPUs (one GPU per experiment).
Model Family Model rmAP50avg rmAPavg mAP50 mAP epoch 

time 
(min:sec)

inference 
speed 
(FPS)

YOLOv8

n 79.1±0.7 71.8±0.8 99.3±0.1 84.9±0.4 1:16 153.0
s 80.9±1.0 74.0±1.0 99.3±0.1 86.3±0.1 1:34 132.8
m 83.7±1.0 77.5±1.1 99.2±0.1 86.2±0.2 3:18 94.7
l 84.7±1.3 78.5±1.3 99.2±0.1 86.6±0.3 4:58 73.3
x 85.4±1.2 79.4±1.2 99.3±0.0 86.4±0.4 8:13 55.7

SSD
-R18 73.7±1.4 65.4±1.4 95.2±0.7 68.3±0.8 2:23 225.8
-R34 75.6±1.7 67.4±2.0 94.9±0.9 70.9±0.5 3:10 184.7
-R50 76.2±1.7 67.8±1.7 95.9±1.3 70.6±0.8 3:22 136.7

NanoDet-Plus
-m 72.4±1.7 63.9±1.9 98.8±0.1 77.8±0.4 0:58 180.1
-m-1.5x 73.8±1.2 65.7±1.2 99.2±0.1 79.1±0.4 1:13 143.7

RT-DETR
-R18 80.5±1.3 72.3±1.2 99.7±0.1 85.0±0.3 4:47 61.5
-R34 82.4±1.3 75.2±1.2 99.6±0.1 85.1±0.1 7:03 50.0
-R50 84.6±1.1 76.8±1.2 99.8±0.1 85.4±0.2 9:18 33.3

Table 2 
Average robustness results (rmAP50avg (%) and rmAPavg (%)) and clean detection results (mAP50 and mAP) of YOLOv8 models on the 
SMD-C/SMD and SSAVE-C/SSAVE datasets. 

Model Family Model
 SMD-C/SMD  SSAVE-C/SSAVE
rmAP50avg rmAPavg mAP50 mAP rmAP50avg rmAPavg mAP50 mAP

YOLOv8

n 71.3±1.1 59.6±1.0 98.5±0.1 83.1±0.3 74.6±1.8 69.3±1.7 79.9±1.2 57.9±1.7
s 77.2±1.6 64.8±1.2 99.1±0.2 86.4±0.3 78.5±1.4 73.4±1.4 82.3±0.7 62.4±0.7
m 79.7±1.5 67.7±1.3 99.0±0.2 87.7±0.2 82.9±1.4 77.2±1.4 82.6±0.7 64.4±0.5
l 80.8±1.4 69.6±1.2 99.0±0.1 88.1±0.3 83.9±1.5 78.5±1.3 83.1±0.9 64.8±0.7
x 81.7±1.0 70.9±1.1 99.0±0.1 88.2±0.2 84.6±1.9 79.7±1.7 82.8±0.4 64.6±1.0

epoch and being the most lightweight model, sacrifices robustness, high-
lighting a trade-off between efficiency and robustness. Furthermore, 
due to the highly customized implementation of each model, both the 
training time per epoch and inference speed comparisons presented in
Table 1 may be biased.

For object detection performance across clean benchmark datasets, 
YOLOv8 models demonstrate high detection accuracy on the clean Sea-
Ships and SMD datasets. In contrast, performance on the clean SSAVE 
dataset is comparatively lower. This can be attributed to the inherent 
challenges of SSAVE, which contains a diverse range of object classes-
including ships, barges, cutters, various water surface markers, and 
other obstacles-and many small objects that are more challenging to 
detect. In term of robustness, SeaShips-C serves as an effective baseline 
due to its extensive and diverse image collection, which contains the 
largest number of images among the datasets. This abundance likely 
enhances model generalization and stability, resulting in higher aver-
age robustness scores. The smaller SMD-C and SSAVE-C datasets re-
veal vulnerabilities not observed with SeaShips-C, with SMD-C exhibit-
ing much lower robustness scores. Notably, while average robustness 
scores on SMD-C are generally lower than those on SSAVE-C, an excep-
tion emerges for certain corruption types such as defocus blur, motion 
blur, and fog (see Appendix C). Because the SMD dataset includes real-
world images affected by these specific corruptions, the trained model 
demonstrates higher robustness scores on these particular corruption 
types in SMD-C compared to SSAVE-C. This improvement likely arises 
from the models’ prior exposure during training, enabling them to bet-
ter recognize and adapt to patterns associated with these corruption
types.

The experiments validate our robustness benchmark by demonstrat-
ing its capability to differentiate model robustness across various archi-
tectures and datasets.

4.2.  Impact of different corruption types

Fig. 5 illustrates that models demonstrate varying degrees of sus-
ceptibility to different types of corruption. While some corruption types 
result in mild performance degradation (less than 10%), others lead to 
moderate (10-30%) or even severe reductions in performance (greater 
than 30%), significantly impairing model dependability. The classifica-
tion of performance drop into mild, moderate, and severe categories can 
further be associated with the risks posed by different corruption types. 
The frequent occurrence of moderate and, in particular, severe reduc-
tions underscores that current state-of-the-art real-time object detection 
models lack consistent robustness against certain corruption types.

To comprehensively understand the impact of different corruption 
types on object detection models, we categorize the 25 types of corrup-
tion into six distinct groups based on their underlying causes in real-
world waterborne operations, as follows:

• Lighting condition: Gaussian noise, shot noise, brightness, and con-
trast. These corruption types are caused by unusual lighting condi-
tions. For example, Gaussian noise can occur in low-light environ-
ments, while shot noise results from the discrete nature of light.

• Adverse weather: glass blur, snow, frost, fog, rain, and raindrops. 
These corruption types can be caused by adverse weather in the real-
world. Specifically, glass blur may appear due to frosted glass win-
dows.

• Camera movement: defocus blur, motion blur, and zoom blur. These 
corruption types are caused by the camera’s movement, resulting in 
various forms of blur.

• Digital processing: impulse noise, elastic transform, pixelate, and 
JPEG compression. Corruption occurs during digital image process-
ing, affecting image quality and introducing distortions.
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Fig. 5. Visualization of the model robustness rmAP50𝑐  and rmAP𝑐 on 25 corruption types. The results are averaged over different sizes of models in the same model 
family. The 25 corruption types (denoted by distinct symbols) are categorized into six corruption groups, denoted in different colors for better distinction.

• Mixed corruption: Gaussian noise with contrast, contrast with rain-
drops, rain with fog, frost with fog, sun glare with motion blur, and 
random mixed corruption. These are combinations of two corruption 
types, creating complex corruption scenarios that mimic real-world 
challenges where multiple factors coexist.

• Other: Sun glare and occlusion. These corruption types exist in the 
real-world but do not neatly fit into the above categories.

The extent of susceptibility to specific corruption types generally fol-
lows a consistent pattern across various models and datasets. For in-
stance, mild performance drops are consistently observed across mod-
els and datasets with corruption caused by digital processing (elastic 
transform, pixelation, JPEG compression), brightness adjustments, de-
focus blur, and glass blur. These corruptions introduce distortions that
models can partially compensate for, resulting in manageable perfor-
mance declines.

Conversely, severe performance drops are commonly seen with 
mixed corruption (contrast with raindrops, frost with fog, and Gaussian 
noise with contrast, and random), adverse weather (snow and frost), and 
lighting condition (Gaussian noise, shot noise, and contrast). These cor-
ruptions overwhelm the models’ ability to detect and classify objects ac-
curately. Specifically, the compounded effects of mixed corruption make 
it exceedingly difficult for models to maintain high detection accuracy, 
highlighting significant vulnerabilities in current model architectures.

Despite the identification of universal weaknesses, we also need to 
note the variability across corruption types for different models (e.g. 
SSD and NanoDet-Plus exhibit a higher number of severe-impact cor-
ruptions) and datasets (e.g., lighting condition-related corruptions in 
SMD-C and camera movement-related corruptions in SSAVE-C). These 
findings confirm that our benchmark serves as a standardized tool for 
evaluating and verifying the robustness of object detection models in 
autonomous waterborne operations. The varying impact of corruption 
types suggests that enhancing model robustness requires targeted ap-
proaches focusing on corruption types that cause moderate and se-
vere performance degradation, such as data augmentation with specific 
corruption types, architectural enhancements, and preprocessing tech-
niques that enhance the quality of input data.

4.3.  Impact of model size on robustness

To explore the correlation between model size and robustness across 
various corruption types, we conduct a comparative analysis of aver-
age robustness among different model sizes. The averaged results of all 
25 corruption types at two stages are presented in Fig. 6. This figure 
shows a prevailing trend on our benchmark datasets: larger models, 
as adopted in all four examined methodologies, consistently demon-
strate higher average robustness across the three different datasets. As 
shown in Tables 1 and 2, even when performance on clean datasets is
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Fig. 6. The average robustness of all 25 corruption types increases with the model size. (a) shows the results from the first stage, and (b) shows the results from the 
second stage.

Fig. 7. The rmAP50𝑐  scores of the five common mixed corruption types compared with their corresponding two pure corruption types on SeaShips-C. Within each 
column of sub-figures, 𝑝1 and 𝑝2 denote two distinct pure corruption types, and 𝑚 represents the mixed corruption resulting from their combination. Note that the 
pairs of corruptions (𝑝1, 𝑝2) differ across columns but remain consistent within the sub-figures of the same column. Each row of sub-figures corresponds to results 
from a specific model family, with scores averaged across model sizes within that family.
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comparable across different model sizes within the same architecture 
(e.g., among RT-DETR models or among YOLOv8 models on SeaShips), 
larger models still demonstrate superior robustness under corruption. 
These findings emphasize the need for a strategic approach in selecting, 
designing, and verifying object detection models for ASVs. It is crucial 
to balance robustness, model complexity, and resource constraints to 
enhance detection robustness.

Moreover, improvements in robustness due to larger model sizes are 
not uniformly observed across all corruption types or models. For exam-
ple, larger YOLOv8 models show significant enhancements in robustness 
against corruptions such as snow, frost, fog, and contrast. In contrast, 
for YOLOv8, the benefits of increased model size are less pronounced 
when facing Gaussian noise and shot noise. Interestingly, for RT-DETR, 
larger models provide pronounced robustness improvements specifically 
against Gaussian noise and shot noise. This indicates that the impact of 
model size on robustness is both model-specific and dependent on the 
type of corruption.

4.4.  Pure corruption vs. mixed corruption across severity levels

To further investigate the robustness benchmark regarding severity 
levels, we present the performance of the five YOLOv8 models under 
four newly added pure corruption types: rain, sun glare, occlusion, and 
raindrops (see Fig. D.10 in Appendix D). The rmAP50𝑐  scores for all mod-
els show a noticeable decline as the severity of newly-added pure cor-
ruption increases. This observation aligns with intuition, as the severity 
levels are subjectively defined by humans and are visually discernible. 
Furthermore, the larger models consistently outperform their smaller 
counterparts under the newly-added pure corruption, especially when 
the corruption severity level is high. This again demonstrates the rela-

tively higher robustness of larger models against severe corruption in 
waterborne environments.

To further explore the synthesized mixed corruption, we present the 
performance of YOLOv8, SSD, NanoDet-Plus, and RT-DETR on SeaShips-
C under the five common mixed corruption types alongside the corre-
sponding pure corruption types. The results are depicted in Fig. 7, show-
ing the rmAP50𝑐  scores for models across five severity levels. The results 
indicate that mixed corruptions generally lead to a more significant per-
formance drop than their individual counterparts. Notably, the impact 
on performance is not merely additive or multiplicative. For instance, 
while raindrops corruption of severity level 3 alone causes a mild perfor-
mance drop, its combination with contrast corruption leads to a signifi-
cantly greater drop in performance than that caused by either the pure 
raindrops or contrast corruption alone. Correspondingly, mixed corrup-
tion types can often result in detection failures that are not observed un-
der the individual pure corruption types. For instance, a YOLOv8 model, 
while capable of detecting objects under individual raindrops and con-
trast corruptions, fails under mixed raindrops with contrast corruption, 
see Fig. D.11 in Appendix D. These findings are further supported by the 
distinct Fourier spectrum patterns of mixed corruptions, as visualized in 
Fig. D.12 in Appendix D. They highlight the necessity of incorporating 
mixed corruption types into our benchmark to enhance detection ro-
bustness and dependability.

4.5.  Benchmarking results and real-world alignment

Our robustness benchmark evaluates the performance of object de-
tection models under simulated corruptions and ensures that these 
evaluations translate meaningfully to real-world waterborne percep-
tion challenges. Given that visual perception is critical for ASV’s sit-
uational awareness, failures in perception systems could propagate to

Fig. 8. Detection failures using YOLOv8 models appear in a challenging scenario from SeaShips with overlapping ships, i.e., a container ship in the front and a bulk 
cargo carrier in the back, under various corruption types. The columns of the figure stand for corruption types, while the rows stand for the levels of severity 𝑠 from 
1 to 5. Detection failures such as missed detections (e.g. (a3)), misclassifications (e.g. (b1)), inaccurate bounding boxes (e.g. (e4)), and spurious detections (e.g. (b3)) 
where the container ship in the front is detected as two ships, a general cargo ship and an ore carrier) are included.
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navigational risks according to Fan et al. (2020). Fig. 8 presents typical 
failure cases observed under various corruption severities. Four main ob-
served failure types and their relations to real-world navigational risks 
are as follows:

• Missed detections (false negatives): Missed detections are particu-
larly prevalent among smaller objects, such as fishing boats, whose 
undetected presence could lead to collision risks.

• Spurious detections (false positives): Similarly, reductions in these 
metrics reflect an uptick in false positives. This can result in unnec-
essary maneuvers, disrupting the ASV’s navigation and potentially 
leading to inefficient operations.

• Misclassifications: Corruption can lead to object misclassification, 
where detected objects are incorrectly identified. For instance, mis-
taking a ship for a buoy can have severe navigational consequences.

• Inaccurate bounding boxes: Inaccurate bounding boxes can misrep-
resent the size and position of detected objects, further complicating 
navigation and collision avoidance.

The occurrence of these failure modes correlated with drops in 
rmAP50𝑐  and rmAP𝑐 scores, indicating a clear link between our bench-
mark metrics and actual detection failures caused by corruption. By 
quantifying the impact of various corruption types, our benchmark en-
ables developers to pinpoint vulnerabilities early in the model devel-
opment lifecycle, reducing the risk of critical failures once ASVs are 
operational. Consequently, these results support our benchmark’s effec-
tiveness as a standardized tool for robust, pre-deployment model verifi-
cation in waterborne environments.

5.  Conclusion and discussion

In this paper, we introduced a novel robustness benchmark designed 
explicitly for ASVs, synthesizing a range of realistic waterborne corrup-
tions such as adverse weather, blur, noise, occlusions, and sun glare 
across 25 corruption types and five severity levels. The benchmark’s 
ability to simulate pure and mixed corruption scenarios provides a test 
verification framework that supports model verification and validation, 
a key phase in the functional safety lifecycle defined in IEC 61508 and 
reiterated in IEC/ISO TR 5469. Alongside, we created three enhanced 
datasets-SeaShips-C, SMD-C, and SSAVE-C-by augmenting established 
waterborne datasets with synthetic corruptions. These datasets, along 
with the corruption algorithms which can be utilized for either verifica-
tion or data augmentation during training, providing valuable resources 
for both the research community and industrial applications.

Our extensive evaluation of state-of-the-art object detection models 
reveals significant vulnerabilities across models and datasets. The find-
ings also highlight a strong correlation between model size and robust-
ness, with larger models generally exhibiting higher resilience to corrup-
tion. Furthermore, our comparative analysis of pure versus mixed cor-
ruption demonstrates that mixed corruption leads to performance drops 
beyond the effects of individual corruption alone. Additionally, we es-
tablished a correlation between our benchmark metrics and real-world 
detection failures, validating the benchmark’s relevance to navigational 
safety and its practical implications for ASV operations. These results 
highlight the critical need to ensure the safety and robustness of ASVs 
in diverse waterborne conditions.

In designing our benchmark, we extended beyond the 15 common 
corruption types of ImageNet-C to include several corruption types that 
are particularly relevant to the ASV context, such as rain, raindrops and 
water droplets adhered to camera lens or bridge windows, sun glare, oc-
clusion, and mixed corruption scenarios like rain with fog. While some 
of these corruptions have been considered in other domains, they are un-
derrepresented in standard benchmarks (e.g., Cityscapes-C). Moreover, 
their manifestation and operational impact in waterborne environments 
can be distinct. For instance, sun glare is typically more prominent in 
ASVs due to the reflective properties of water surfaces.

Although our benchmark was tailored for ASVs, we believe these 
domain-specific corruption types have broader relevance to safety-
critical perception systems in other autonomous platforms, such as 
drones and self-driving cars, which may encounter similar visual
challenges. This raises opportunities to explore their generalization and 
incorporation into broader cross-domain benchmarking efforts.

To further advance this field, several key areas emerge for future 
research:

• Enhancing benchmark comprehensiveness: While our benchmark 
currently includes a wide range of corruption types, it is not exhaus-
tive and relies on subjective judgments. Future research could ben-
efit from incorporating additional corruption types to augment the 
robustness benchmark, utilizing data-driven methodologies. This ap-
proach would not only increase the benchmark’s comprehensiveness 
but also ensure it remains relevant and adaptive to emerging chal-
lenges in waterborne environments.

• Extending the benchmark to multimodal object detection systems: 
Recognizing the limitations of relying solely on vision-based detec-
tion, there is a need to broaden our robustness benchmark to include 
multimodal sensor systems. This expansion is significant for evalu-
ating the overall system robustness more effectively. Achieving this 
goal requires efforts from the community to collect and make more 
publicly available synchronized multimodal data tailored for ASVs. 
Such datasets are currently limited, and their development is criti-
cal for facilitating comprehensive system evaluations and promoting 
advancements in ASV technologies.

• Bridging the gap between synthetic and real-world corruptions: Our 
benchmark currently relies on synthesized corruption due to the 
scarcity of annotated real-world corrupted data in waterborne set-
tings. To further improve practical applicability, future work could 
collect and integrate datasets with naturally occurring corruption 
observed in waterborne environments. Additionally, empirical stud-
ies are needed to validate the extent to which performance under 
synthetic corruption translates to real-world robustness, extending 
validation efforts from Hendrycks et al. (2021), which show that 
performance on synthetic corruptions (ImageNet-C) reliably predicts 
real-world robustness. This would enhance the benchmark’s realism 
and its value for ASV deployment.

• Development of safety monitors for deep learning models used in 
ASVs: A safety monitor can observe a machine learning model or its 
environment to trigger interventions that ensure system safety. De-
veloping such monitors is crucial for assessing and indicating the 
risks associated with deep learning models at runtime (Ferreira, 
2023). By integrating safety monitoring, the system can not only 
detect objects reliably but also continuously evaluate and respond 
to potential risks in the detection process. Our benchmark be easily 
adapted to verify both object detection and monitoring components, 
enabling a comprehensive verification of system safety and robust-
ness.

These initiatives aim to advance the robustness and dependability of 
ASVs, ensuring that they meet the operational safety standards in in-
creasingly complex waterborne environments. By addressing these ar-
eas, contributions can be made to the dependable integration of artificial 
intelligence enabled systems in waterborne operations, ultimately lead-
ing to safer navigation and enhanced situational awareness for ASVs.
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Appendix A.  Severity definition for rain, raindrops, sun glare, 
and occlusion

This appendix further elaborated on the severity levels as discussed 
in Sections 3.1.2 to 3.1.5.

A.1.  Rain

The parameters of the rain streaks (tilt angles, streak length, num-
ber of streaks, streak intensity) for the 5 severity levels are shown in 
Table A.3. The ranges of the parameters are calibrated on the basis of 
the Rain1200 dataset in Zhang and Patel (2018).

A.2.  Raindrops

A maximum raindrop mask containing 300 raindrops is generated 
for each original image. Each severity level corresponds to a subsample 
of this mask, with the number of raindrops 𝑛, 𝑛 ∈ {60, 120, 180, 240, 300}.

A.3.  Sun glare

Ranging from severity level 1 to 5, the center of the circular 
masks is fixed, while the outermost radius 𝑟 ∈ {50, 60, 70, 80, 90}, cor-
responds to SeaShips images with a height of 1080 pixels, and is lin-
early scaled with image height for other resolutions. The accompa-
nying diamond-shaped masks grow accordingly, with longer diagonal 
𝑙 ∈ {300, 360, 420, 480, 540} and shorter diagonal 𝑠 ∈ {10, 12, 14, 16, 18}, 
ensuring that both radial and directional glare components scale consis-
tently with severity.

Table A.3 
Modeling details for rain.
Severity 
Level

Tilt Angles 
(◦)

Streak Length 
(psi)

Number of 
streaks

Streak Intensity

1

[-20, 20]

50 2000 50
2 55 2449 70
3 60 3000 90
4 65 3674 110
5 70 4500 130

A.4.  Occlusion

The five severity levels of occlusion are determined by two key fac-
tors: the location of the occluded region relative to the object, and the 
ratio of the occluded area to the size of the object’s bounding box. At 
severity level 1, the masked area does not touch the object itself but 
instead covers part of its surrounding environment. For levels 2 and 3, 
the occlusion begins to overlap with the object. At the highest severity 
levels, 4 and 5, the occlusion lies entirely within the object’s bounding 
box, causing substantial visual obstruction. The occlusion area ratios for 
these five levels are set as 𝛼 ∈ {0.15, 0.15, 0.3, 0.3, 0.5} , where similar nu-
merical values (e.g., 0.15 for both levels 1 and 2, and 0.3 for levels 3 
and 4) correspond to different spatial contexts: outside the object, par-
tial overlap, and full containment.

Appendix B.  A supplementary figure comparing our synthesized 
sun glare with existing methods

Fig. B.9 presents the comparison of sun glare corruption in existing 
literature and our method.

Fig. B.9. Synthesized sun glare corruption in existing literature and our 
method.

Appendix C.  The tables of 𝐫𝐦𝐀𝐏𝟓𝟎
𝒄  results for the two stages

Detailed rmAP50𝑐  results are presented in Tables C.4 and C.5.
Table C.4 shows the rmAP50𝑐  scores for all four evaluated model fam-
ilies on the SeaShips-C dataset (Stage 1). Table C.5 presents the results 
for YOLOv8 models on the SMD-C and SSAVE-C datasets (Stage 2); their 
results on SeaShips-C are already provided in Table C.4. Notably, we ob-
serve that for a small number of corruptions, the relative performance 
slightly exceeds 100% compared to the clean dataset (e.g., 100.1% and 
100.3%). This could be attributed to stochastic variations in perfor-
mance, and the presence of noisy labels and imprecisely located bound-
ing boxes, as the labeling issue within datasets such as SMD has been 
acknowledged in other works (Kim et al., 2022).
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Table C.4 
rmAP50𝑐 (%) - Robustness of YOLOv8, SSD, NanoDet-Plus, and RT-DETR on the SeaShips-C dataset.
 Approach  YOLOv8  SSD-ResNet  NanoDet-Plus  RT-DETR
 Model  n  s  m  l  x -18 -34 -50 -m -m-1.5x  R18  R34  R50
 gaussian noise  76.1  79.2  84.4  83.8  83.7  58.1  59.4  58.1  56.5  58.9  73.0  79.8  87.1
 shot noise  73.5  75.9  81.2  80.4  80.7  54.4  56.0  55.4  50.6  53.2  68.9  76.8  84.3
 impulse noise  76.2  78.9  84.8  84.1  84.2  57.3  58.4  56.8  55.4  57.0  73.5  79.9  86.7
 defocus blur  98.9  98.5  98.6  98.6  98.6  93.6  94.4  92.0  97.4  97.6  97.1  97.9  98.1
 glass blur  99.8  99.8  99.8  99.8  99.7  97.7  98.4  97.3  99.3  99.2  98.7  98.8  98.9
 motion blur  98.3  99.0  99.2  99.4  99.4  97.2  97.9  96.6  97.9  98.5  94.7  96.2  97.5
 zoom blur  62.3  64.4  63.4  66.2  66.3  57.1  57.8  53.2  77.8  77.1  39.1  45.4  51.9
 snow  59.3  64.0  73.4  74.1  74.9  53.7  57.9  61.3  52.4  64.0  57.4  52.0  58.4
 frost  54.1  60.4  67.6  68.1  69.1  53.9  59.9  60.8  53.9  54.4  63.0  62.1  63.7
 fog  95.0  95.5  97.0  97.7  98.2  81.9  83.6  89.0  72.5  74.0  98.5  99.0  99.4
 brightness  99.4  99.4  99.7  99.5  99.5  94.5  95.0  95.6  96.1  96.4  99.4  99.6  99.4
 contrast  57.0  59.1  61.7  65.6  69.6  64.0  67.4  74.4  49.2  48.9  89.3  93.2  93.8
 elastic transform  100.0  100.0  100.0  100.0  99.9  99.6  100.3  99.4  100.0  100.0  99.9  99.9  99.9
 pixelate  100.0  100.0  100.0  100.0  100.0  99.7  100.3  99.6  100.0  99.9  100.0  100.0  99.9
 jpeg compression  99.7  99.8  99.8  99.9  99.9  99.0  99.5  98.9  99.0  99.4  99.3  99.5  99.4
 occlusion  86.3  86.4  86.6  87.9  87.7  81.3  83.0  80.2  87.3  88.3  88.4  88.9  88.0
 rain  78.2  79.3  88.8  90.1  90.0  88.8  90.7  90.9  88.7  92.5  76.1  77.9  75.5
 raindrops  98.3  98.9  99.0  99.3  99.3  92.4  93.4  93.5  93.6  94.1  98.1  98.6  99.3
 sun glare  95.5  96.5  96.4  96.3  96.7  91.1  92.1  91.6  92.0  93.9  92.9  94.7  95.7
 gaussian noise+contrast  52.2  54.3  57.7  61.7  65.1  46.8  50.5  50.7  34.9  35.0  76.2  82.0  83.4
 contrast+raindrops  40.5  45.8  48.3  51.9  52.4  37.7  39.0  47.6  25.9  26.0  54.5  61.4  67.9
 rain+fog  74.6  75.7  85.4  87.5  89.6  64.9  70.1  72.9  56.7  58.2  76.2  73.7  73.6
 frost+fog  41.7  46.4  51.8  55.9  60.4  32.8  36.0  41.4  24.3  24.7  49.5  51.1  56.3
 sun glare+motion blur  92.3  94.1  94.6  95.0  95.2  86.5  88.0  85.9  89.6  91.0  84.9  85.6  88.7
 random  67.5  70.6  74.2  75.1  75.7  57.9  60.7  60.9  59.9  62.4  63.3  65.8  68.4

Table C.5 
rmAP50𝑐 (%) - Robustness of YOLOv8 on the SMD-C and SSAVE-C datasets.
 Dataset  SMD-C  SSAVE-C
 Model  YOLO v8n  YOLO v8s  YOLO v8m  YOLO v8l  YOLO v8x  YOLO v8n  YOLO v8s  YOLO v8m  YOLO v8l  YOLO v8x
 gaussian noise  56.5  62.5  64.4  62.7  61.0  76.7  79.3  81.4  84.3  82.0
 shot noise  46.1  51.5  54.5  53.2  51.0  78.3  77.8  83.1  84.6  81.0
 impulse noise  54.4  60.9  63.2  61.4  58.7  78.1  80.4  84.0  86.1  82.1
 defocus blur  95.0  96.0  95.8  96.3  96.2  92.5  93.6  95.5  95.1  95.0
 glass blur  98.0  98.3  98.3  98.7  98.6  93.3  93.6  94.6  93.4  93.6
 motion blur  95.8  96.8  97.1  97.3  97.3  87.3  85.5  86.7  85.5  86.9
 zoom blur  42.2  48.8  50.8  50.7  51.8  29.1  33.5  35.7  37.8  39.5
 snow  44.9  62.0  66.2  68.7  70.3  75.7  81.7  89.5  88.9  90.1
 frost  44.6  60.1  64.8  68.2  73.1  60.7  73.2  83.4  83.9  85.9
 fog  90.2  94.3  96.4  97.0  97.4  78.1  87.2  92.8  93.6  96.1
 brightness  98.0  98.7  99.5  99.5  99.5  96.5  97.0  98.4  97.7  98.4
 contrast  52.6  65.3  68.1  73.8  77.0  45.3  53.7  62.2  62.8  67.1
 elastic transform  99.9  99.9  100.0  100.0  100.1  97.7  98.4  97.7  97.1  98.0
 pixelate  100.0  100.0  100.1  100.0  100.1  99.9  100.0  99.1  99.7  100.2
 jpeg compression  96.1  97.2  97.1  97.5  96.8  95.6  96.9  95.9  95.3  96.3
 occlusion  97.5  97.8  97.6  97.6  97.8  97.1  97.1  98.0  97.8  98.0
 rain  63.4  83.0  87.5  90.8  92.3  89.0  92.7  96.9  97.7  98.3
 raindrops  84.4  84.2  90.7  90.9  92.1  92.8  93.9  94.4  95.4  96.5
 sun glare  93.5  94.9  95.8  95.8  96.1  93.2  94.2  95.4  95.3  95.6
 gaussian noise+contrast  46.0  57.7  64.6  70.9  77.0  40.0  47.0  56.2  59.8  60.9
 contrast+raindrops  24.0  28.7  35.7  35.9  39.3  31.9  40.8  50.3  53.0  56.1
 rain+fog  69.8  79.5  85.6  87.9  90.6  57.3  69.2  85.6  88.5  89.6
 frost+fog  44.9  57.9  59.5  65.6  68.3  28.9  44.4  56.1  63.6  66.2
 sun glare+motion blur  89.4  91.6  92.8  93.2  93.2  82.8  82.3  82.8  83.6  84.1
 random  55.2  61.5  65.9  66.8  67.8  67.6  69.5  75.9  76.6  76.4

Appendix D.  Supplementary figures for pure corruption vs. mixed 
corruption

Fig. D.10 presents the rmAP50𝑐  scores of different YOLOv8 model vari-
ants across five severity levels.

An example in which a YOLOv8 model fails under mixed corrup-
tion but still detects the objects under pure corruptions is shown in
Fig. D.11.

The Fourier spectra visualization of the 25 corruptions on SMD-C 
is presented in Fig. D.12. Each spectrum is computed from the differ-

ences between corrupted and corresponding clean images, applying a 2D 
Fourier transform, and averaging across all images for each corruption. 
The center of each spectrum visualization represents low-frequency im-
age content (global) while the outer regions display high-frequency con-
tent (details). Colors-ranging from dark blue (low amplitude) to red, yel-
low and white (high amplitude)-reflect the log-transformed magnitude 
of spectra. Notably, mixed corruptions (e.g., contrast+raindrops) ex-
hibit distinct frequency patterns compared to their constituent pure cor-
ruptions (contrast, raindrops), underscoring the need to include mixed 
corruption types in the benchmark. 
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Fig. D.10. The results of YOLOv8 models under the four newly-added pure corruption types on SeaShips.

Fig. D.11. An example of a YOLOv8 model fails to detect an object under mixed corruption (raindrops+contrast, severity 2), while it succeeds in detecting this 
object under raindrops corruption (severity 2) and contrast corruption (severity 2), respectively. The images are from the SeaShips-C dataset. The two objects here 
are both general cargo ships.

Fig. D.12. Fourier spectra visualization of the 25 corruptions in SMD-C at severity 3.
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