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Abstract 
Detection of images in low-visibility poses challenges for safety management of autonomous vessels, 
coastal surveillance, and maritime situational awareness. Our emotional convolution neural network 
suffers from performance degradation when raw images are captured under adverse weather, fog and 
in low-light (dark) illumination. We propose a light-weight Vision Transformer (ViT) based model 
which provides real-time nautical image enhancement and object detection for lower visibility 
conditions. We propose a paradigm shift from using a convolution neural network (CNN) as the 
work-horse of ViTs are good models for capturing long range information but are computationally 
light-weight and amenable to low-Size Area Power (SAP) embedded systems space applications. 
Having surveyed and re-used some existing light-weight magic tricks we integrate three ingredients: 
(1) - a contrast-guided image augmentation module on the basis of dark channel prior, or non-uniform 
illumination correction techniques [essentially re-establishing “daylight” illumination], (2) a light-
weight vision transformer backbone based on Rostrum Rep ViT allowing us to utilize a 
proportionately lower number of parameters along with the beauty of transformers, and (3) a scale-
adaptive feature fusion module for distributing information through cross stage connections. We 
provide inner workings Anglo-Saxon Esque explanations plus expectations in terms of increasing 
transparency to underpin the advantageous use of our cherries here. Furthermore, recipe 
ingredient/Ton berry poison testing using ablation studies confirms miraculously that each of our 
features/components have “magical” merit. We perform experiments in several data sets RUOD, 
UTDAC etc and also low-visibility maritime situations (including dense fog). Testing shows a mean 
Average Precision (mAP) of 94.7% on 321, LOL380 speeds on edge systems via the Py Torch 
framework. Our model has direct applicability in dense fog and heavy rain amongst other tests, while 
we show our method achieves required performance with a truly marginal added computational 
increase 12.8M parameters 18.4 GFLOPs compared to a number of other CANN solutions including 
YOLOv11 based and RT-DETR. Our work closes the crucial gap in maritime automation that now 
exists, providing a simple, deployable method to enable real-time object detection on low-resource 
platforms without sacrificing accuracy, directly impacting autonomous surface vessel (ASV) 
navigation, maritime port security, fishing vessel monitoring, and climate resilient coastal 
management systems in keeping with the IMO 2030/2050 decarbonisation targets. 
Keywords: Vision Transformer, Maritime Object Detection, Low-Visibility Enhancement, 
RealTime Processing, Lightweight Deep Learning, Underwater Imaging, Weather Resilience, Ship 
Detection, Attention Mechanisms, Image Dehazing , Embedded Systems  
 
1. INTRODUCTION 
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1.1 Background and motivation. 
Maritime operations represent perhaps the most safety-critical application area where reliable object 
detection and situational awareness systems are required. Approximately 90% of global trade is 
dependent on maritime transportation, creating a high need for the development of robust 
autonomous navigation systems that will improve safety, efficiency, and environmental 
sustainability. However maritime environments present the following challenges that are non-
existent in terrestrial application areas:(1) extreme variability in lighting conditions ranging from 
bright sunlight to complete darkness;(2) adverse weather phenomena including fog, rain, and sea 
spray that come along and degrade image considerably;(3) small target sizes of vessels relative to 
the vast ocean background;(4) computational constraints imposed by embedded systems deployed 
on maritime vessels.  
Current vision based maritime vision detection systems are predominantly CNNs trained for lit 
scenarios. When we throw fog, rain and other low-illumination conditions at them they degrade 
hugely, (up to a 40% drop in precision rates). CNN architectures typically also do not capture the 
long-range interactions that are crucial for detecting distant vessels in the ocean. Convolutional 
Neural Networks (CNNs) have significantly advanced the field of computer vision, enabling 
complex and hierarchical feature extraction. While effective for recognizing local patterns, CNNs 
are unable to form global contexts of information across spatial dimensions. As a consequence, high-
level object recognition in maritime images and scenes remains a challenging task.  
Vision Transformers (ViTs) by Dosovitskiy et al take an orthogonal approach in which convolutions 
are completely abandoned in favor of a self-attention paradigm which allows the transformer model 
to learn an explicit relationship between all locations in an image regardless of distance apart. 
However standard ViTs can be computationally expensive (>300 million parameters, >60 GFLOPs), 
impractical in a maritime context where such resources don’t exist. This discord between the 
expressiveness and flexibility of transformers and real world deployment remains largely unresolved 
in the maritime domain.  
1.2 Research Problem Statement 
Now that the rarity of maritime research on these subjects has been well-established, we outline 
specific research problems which frame the context of our work:  
P1 - Worst-case degradation of images from low-visibility conditions (fog, rain, low lightning). 
Seemingly simple tricks like histogram equalization and basic dehazing will merely over-process 
and create artifacts of the poor image quality, as well as would not be able to recover important 
details needed for reliable detection and labelling of objects. No comprehensive framework exists 
that combines dehazing and lowlight correction with restoration of loss of information within text on 
a purely maritime context.  
P2 - Despite superior performance of transformers compared to CNN family members, they are 
fundamentally impractical as the backbone of deployment needs. How do we embed real time 
detection using a transformer architecture into computationally constrained maritime computer 
applications such as USVs, edge devices, and isolated coastal monitoring stations? Such an 
architecture would reduce network parameters >95% compared to standard ViT and retain 
>90%mAP in artificial density environments.  
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P3 - Generalization across visibility regimes: existing maritime detection systems have been typically 
trained on normal-weather datasets, but when deployed in poor-weather specifically K-SAT or 
(Kozar et al., 2023), data quality is degraded in often unexpected ways, without a clear understanding 
of which environmental factors impact detection performance most. A robust framework must not 
only work across poor-visibility regimes, but also work across widely differing visibility conditions, 
and needs to be small enough to execute in real time in an embedded platform. 
1.3 Goals of This Research 
1.3.1 Research Goals 
To develop an integrated lightweight Vision Transformer framework for accurately detecting objects 
in and enhancing images in, and specifically for maritime applications. 
O1: an end-to-end lightweight vision real transformer architecture for maritime object detection 
achieving >90% mAP while keeping model size <15M parameters and FLOPs cost <20 GFLOPs, 
deployable on edge devices. 
 
O2: a multi-stage image enhancement module combining dark channel prior illumination correction 
to successfully recover visibility in low-visibility images of the ocean without image artifacts. 
 
O3: a scale-explosive scale-adaptive feature-fusion method to use transformer attention to yield an 
effective combination of multi-scale features to detect maritime objects across a wide range of sizes 
from fishing vessels to tankers. 
 
O4: experimental results that demonstrate that the proposed method significantly outperforms CNN-
based and transformer-based baselines on several maritime datasets and varying visibility, yielding 
state of the art results. 
 
O5: experiments that cross-validate real-time inference (≥25 fps) on heterogeneous maritime 
hardware platforms such as GPU equipped edge devices and FPGA implementations for practical 
deployment. 
 
1.4 Impact and Contributions 
1. First Lightweight ViT Framework for Maritime Object Detection: This work represents the first 
systematic investigation of lightweight vision transformers for maritime applications, merging 
efficiency constraints with accuracy requirements. 
 
2. Integrated Enhancement-Detection Pipeline: Unlike prior works decoupling enhancement and 
detection, our unified framework jointly optimizes both enhancing input imagery and detecting 
objects improving the overall end-to-end system performance and reducing costly computation 
redundancy. 
 
3. Practical Deployment Solution: Thanks to a lightweight model with <15M parameters and <20 
GFLOPs, our framework is deployable on practical maritime systems for autonomous navigation 
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and coastal surveillance without expensive hardware. 
 
4. Comprehensive Maritime Benchmark: Besides, we provide detailed comparative analysis across 
multiple datasets and visibility conditions, establishing important performance baselines for future 
maritime vision research. 
 
5. Visibility-Robust Detection: Better yet, our framework maintains consistent performance across 
fog, rain and low-illumination scenarios, addressing the primary limitation of existing systems. 
2. Literature Review 
2.1 Maritime Object Detection: Evolution and Challenges 
A brief overview of the literature for maritime object detection with an emphasis on its evolution as 
well as the main challenges visible in this review until recently. All this historic leads us smoothly 
towards the review of some of the literature around vision transformers and where to apply them to 
cover the gaps that are left in the reviewed detection systems applied in maritime scenarios in order 
to speed up their detection speed”. their stereoscopic visibility-enhancement for enabling marine 
object-detection, emphasising the need for pre-processing of images prior-to detection. 
Their framework does require pairs stereo camera’s, meaning it is less practically useful. Wang et al. 
propose a lightweight variation of YOLO for underwater object detection, UOD-YOLO. This 
practitioner prototype achieves 92.3% mAP using a RepViT-based backbone, representing the 
lightweight of its kind at this state-of-the-art maritime detection level. Wang et al. follow the RepViT 
approach, leveraging CNNs with a minimalist and effective vision transformer architecture to attain 
improved performance-efficiency trade-offs. 
Since dataset for model-training of detection of marine objects and marine objects is integral to work 
in this field, the canon of datasets see RUOD (Remote Underwater Object Detection), UTDAC 2020, 
DUO (Detection Under Occlusion), added. Each focusing on different aspects of the challenge. 
However, they somewhat rely on visual data generated ‘in-the-wild’. The majority of the images are 
still clear-weather images, such images not being helpful for training visibility-robust systems. This 
dataset imbalance represents a further research-gap we will target. 
 
2.2 Image Enhancement for Low-Visibility Conditions 
Image-enhancement in instances where the visibility is diminished in some way, represents a portion 
of the circle of research that is gathering traction with the escalation in frequency of extreme-weather, 
fuelled by climate-change. As early as the effects of histogram equalisation and contrast-stretching. 
Both approaches suffer from weak adaptivity, and are prone to excessive-overprocessing of the 
image. Drawing from the vision-guidance theory of the human eye, the Retinex-model breaks-down 
images by separating their illumination and reflectance components for independent manipulation. 
Retinex based methods, whilst intuitively appealing, tend to generate artefacts, and are inefficient in 
low-light scenarios.  
Dark-Channel-Prior, found itself known as one, if not the dehazing method produced, “since the 
observation suggests that most outdoor images have dark pixels in at least one color channel” DCP 
in particular mitigate haze in terrestrial images with the suitable estimation of transmission map and 
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atmospheric scattering component removal, nor can directly applied to use on underwater images 
and low-light images in maritime contexts because they must consider linear non-linear light 
attenuation (the colour absorptions effect). Newer works tend beyond that of DCP rectification to 
thorutite for looking for are the flavour of more adaptive mechanisms, Schettini and Corchs and 
terms of taxonomizing image restoration (from physical) versus image enhancement (using 
perceptual) thus presenting sort of a taxonomy that we will follow in ‘taxonomy’. 
They also have a segment on underwater image processing, they conclude , there is scope for pairing 
illumination non-uniformity correction and CPU versions of CLAHE , which feel promising because 
we can recover lost details without ruining the reduced-contrast image and making it overly whacky. 
More recently, Frontiers in Marine Science published , work on low-illumination underwater 
enhancement which highlights the importance of pairing non-uniform illumination correction with 
adaptive artifact elimination they find that this particular work achieves enhanced results across a 
suite of sequential low light test scenarios on seabed images. 
2.3 Vision Transformers: Architecture and Efficiency 
Optimizations Vision transformers made definitive on a debellated a market share computer vision 
models and beating experts by showing, that pure models applied on ImageNet’s dataset. vi can 
surpass the next given’s transformer network without vinic. To convert the images, royale Sea to 
sequences, patch embeddings trick out better for converting pure vixens sequences for feat . Using a 
304.3M parameters and 61.6GFLOps say only a 76.2% accuracy. This large of number parameters 
and floating-point per second makes switch profits a nonviable transfer straight deeply to colonial 
blue water scale. 
 
There are several ways to improve efficiency of routes toward improvements. Data-Efficient Image 
Transformers (DeiT) forzi, were developed to address knowledge of Udar that was referenced in the 
Vision Paper , using Knot Distillation and fewer training images. Swin Transformer introduced a 
new hierarchical architecture where the window size of "local" attention is utilized; therefore 
reducing the complexity of certain functions. It appears promising, however, Swin Transformer 
continues to grow and become large enough that deployment of embedding is becoming oppressive.  
RepViT represents a pivot in our understanding of these ideas by utilizing principles from CNN 
architectures to improve vision transformers when compared to original architectures. They 
improved performance with CNNs while preserving the global receptive field benefits of the original 
transformers. What? RepViT binary mode provides a significantly better efficacy/effectiveness of 
offshore images demonstrated with reasonable spud pop and no return to hog. In terms of composite 
Luigi, one method in the UOD-YOLO, modified YOLO for underwater detection, achieved a 94.2% 
mean Average Precision (mAP) on an underwater detection dataset and the use of UOD-YOLO 
utilizes under eight million weights to operate “our weight is thus expressed” of amount. 
2.4 Real-Time Object Detection: YOLO and Transformer-Based Approaches 
Variants of YOLO (YOLOv3-v11) have been implemented in real-time object detection and have 
matured in terms of improved accuracy through continuous architectural tweaking. Recent versions 
use attention, multi-scale features, and optimized training strategies to trade off accuracy and speed. 
YOLOv11-nano processes ~90 fps on low-end hardware, permitting some embedded deployment 



Dr Chandrasekaran Venkatesan., 2026 Advanced Engineering Science 

 

119 
 
 
 

for edge devices. 
 Transformer object detection techniques have emerged, starting with DETR (Detection 
Transformer). In conceptually elegant manner, DETR truly redefines object detection as a set 
prediction problem, totally casting aside NMS, anchor boxes, most hand-crafted components. The 
smoothing effect of the DETR model is shown to severely slow convergence and be costly in 
computation. RT-DETR (Real-Time Detection Transformer) tackles this with the following 
mitigations: (1) An efficient hybrid encoder homogenously integrates low-resolution convolutional 
feature pyramid layers in at least an order of magnitude reduced computational cost. (2) An IoU-
aware query selection achieves speed-accuracy efficiency gains since even a couple orders of 
magnitude less detected objects are needed. (3) Inference speed of RT-DETR can be heavily adjusted 
through varying numbers of decoder layers without retraining the model newly. 
 
A recent thorough evaluation shows RT-DETR by far outperforms major YOLO baselines on 
offshore maritime domain detection, obtaining an overall 94.8% mAP on AP-50; it also runs at 
dramatically lower inference times on accelerated backends. Slightly more general, both YOLO and 
RT-DETR variants of the maritime detection tasks struggle with low visibility without any 
preprocessing for support. 
2.5 Attention Mechanisms and Feature Fusion  
Transformers use self-attention mechanisms to create learnable relationships between distant image 
areas. Multi-Head Self-Attention (MSA), allows for attention to be computed over multiple 
representation sub-spaces as well as allow the transformer to have a higher expressive power than 
traditional convolutional architectures. Following an attention layer is typically a feed-forward 
network (FFN) which provides a non-linear transformation of the input. The combination of these 
two architectural components has shown to provide the best performance for detecting global context 
compared to other forms of architecture including traditional CNNs. 
 
The way in which multi-scale information is combined into detection networks determines the 
quality of the output of the network. Previous approaches to feature fusion utilized concatenation of 
features at each scale. Modern approaches utilize learnable fusion. Examples of previous approaches 
that are CNN-centric include the Path Aggregation Network (PANet) and Feature Pyramid Network 
(FPN). A transformer-based approach could utilize the same types of learnable fusion but would also 
incorporate attention to adaptively weigh the importance of each scale of data, based on the content 
of the data. Therefore, this type of approach may improve maritime object detection in the presence 
of challenging conditions. 
2.6 Computational Efficiency in Edge 
Computing Edge computing is all the more common in maritime systems these days - i.e. processing 
happens aboard the boat, rather than send data far and wide to some datacentre. The draw of this is 
obviously for latency, privacy, and general reliance on internet connectivity. Edge devices 
themselves are typically not up to par with high-end GPUs though, and state-of-the-art detection 
methods today target performance on such compute resources. For example maritime-grade compute 
modules, embedded GPUs and flexible FPGA implementations offer 1-10 GFLOPs sustained 
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performance, as opposed to high-end GPUs with >100 GFLOP.  
As a result of this gap in computational capability between desired detection states, compressive 
techniques such as: (1) pruning - cutting redundant parameters; (2) compressive quantisation (32-bit 
-> 8-bit integers); (3) knowledge distillation where small models are trained under the guidance of 
large ones and (4) neural architecture searching where efficient networks are hunted for. State-of-
the-art weight-performance trade-offs show as much as a 95% reduction through systematic 
compression while retaining >90% accuracy on various datasets. For the scope of this paper, you can 
see how compressive approaches fits the overarching context as there are several sets of this kind of 
research on detection that takes great application in the maritime domain. 
2.7 What’s also not here 
We started out apparently wanting to enhance low-visibility imaging and provide detection with 
lightweight transformers (modularised detections via transformers), while making all of this real-
time for a maritime deployment. Turns out existing works in both realms overlap a lot but not too 
much. Most of enhancement forgets about detection and vice versa, most of transformer work is not 
so much concerned with the sort of deployment caveats that classical PSC research is interested in. 
The work builds on existing literature through: 
• First joint enhancement and detection framework for maritime, optimizing both. 
• Lightweight ViT for maritime object detection with unprecedented efficiency-accuracy trade offs. 
• Visibility-Robustness Evaluation (fog/rain/illumination). 
• Real-world deployment on heterogeneous maritime hardware 
3. Methodology 
3.1 System Architecture Overview 
Our lightweight Vision Transformer framework for maritime image enhancement and object 
detection consists of three tightly integrated modules: 
 
Module 1: Multi-Stage Image Enhancement Pipeline - processes degraded maritime images through 
block wise contrast guided dark channel prior computation, non-uniform illumination correction, 
adaptive frequent artifact removal together. 
 
Module 2: Lightweight Vision Transformer Backbone - expense light-weight backbone that digs 
grounded hierarchical semantics via globally circumspect recurrent ViT architecture, <10M 
parameters . 
 
Module 3: Scale-Adaptive Feature Fusion and Detection Head - Global combiner varying size 
featured enhanced joining via transformer feign as extended detection head, robust for detecting 
varied sizes of vessels. 
 
Modules operate semi-autonomously, allowing flexibility regarding intensity of enhancement based 
on visibility conditions. Overall, end-to-end joint training to optimize the complete pipeline, given 
objective is detection, not computational efficiency. 
3.2 Multi-Stage Image Enhancement Module 
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3.2.1 Dark Channel Prior Computation 
Dark Channel Prior computation for adapted maritime application, modifying coaligned DCP. 
Definition: for image I(x) with R, G, and B components, the dark channel D^c(x) corresponds with 
(convenience): 
Definition: For image I(x) with three color channels (R, G, B), the dark channel D^c(x) represents 
the minimum intensity value within a local patch centered at pixel x: 

𝐷!(𝑥) = min
"∈$(&)

  min
!∈{),+,,}

 𝐼!(𝑦) 

where Ω(x) denotes the local patch region. 
Contrast Guidance: Since maritime images are more meaningful computed on contrast-weighted 
dark channels than basic DCPs, we introduce a local contrast C(x) defined as: 

𝐶(𝑥) =
max
"∈$(&)

 𝐼(𝑦) − min
"∈$(&)

 𝐼(𝑦)

max
"∈$(&)

 𝐼(𝑦) + min
"∈$(&)

 𝐼(𝑦) + 𝜖 

Contrast-guided dark channel fuses guidance from local contrast: 

𝐷.+! (𝑥) = min
"∈$(&)

  2𝐶(𝑥) ⋅ min
!∈{),+,,}

 𝐼!(𝑦)4 

This allows dehazing to concentrate on image portions with diminished contrast (caused by fog), 
while leaving high-contrast portions intact that already exhibit details. 
3.2.2 Non-Uniform Illuminated Correction 
As desirable shadows may not show up in maritime images due sunlight angles, and light refracted 
off of water, our illumination correction module employs non-linear guided filtering in processing: 

𝐿(𝑥) = 𝐺(𝐷.+(𝑥), 𝐼(𝑥), 𝑟, 𝜖) 
Where G denotes non-linear guided filtering of radius r with ε delves into areas of regularization. 
Essentially this is a filter which embodies “local” processing dependent on guidance provided by 
overall structure of image being processed and corrects such. 
Such a result is a corrected illumination map: 

𝐿!/00(𝑥) =
𝐿‾

max(𝐿(𝑥),0.1) 

where 𝐿‾  denotes average illumination map that helps remove artifact images out in the frisks of edge 
areas and normalizes illumination across full image. 
3.2.3 Transmission Map Estimation 
Then begins the preparation to estimate t(x), as foreshadowed by DCP theory, represents an image’s 
dot of how many photons between camera, and landmarks, it can measure that have not been scathed 
by fog, computed as: 

𝑡(𝑥) = 1 − 𝜔 ⋅
𝐷.+! (𝑥)
𝐴  

Where A is atmospheric light referred to the average of the brightest 0.1% from aforementioned dark 
channel again said and ω ∈ [0,1] denotes amount of de haze. As noted before for maritime 
applications we set this correspondingly in range [0.7 , 0.95] prevent too much structure being 
recovered that appears unrealistic. 
Transmission is now looped into processed image by use are of its inverse, or: 
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𝑡̂(𝑥) = 𝐺(𝑡(𝑥), 𝐼(𝑥), 𝑟1, 𝜖1) 
Which modestly recover edges whilst suppressing changes in dot domain since reasonably quite 
rightly assessed said suppression as being conducive to better transmission maps. 
 
3.2.4 Contrast-Limited Adaptive Histogram Equalization (CLAHE) 
Once such taken place, crisp definition may be attained in hdr images by applying what’s often called 
contrast-limited adaptive histogram equalization definition. This may nicely adjust remove here and 
limiting hath gone on by: 

𝐽(𝑥) =
𝐼(𝑥) − min(𝐿!/00(𝑥))

max(𝐿!/00(𝑥)) − min(𝐿!/00(𝑥))
 

Essentially making histogram equalization locally within smaller tiles , as otherwise adaptive, but 
instead of making a statistic viewport on entire image, for pint sized tessellations 8 × 8 pixels can be 
panoramas ped to doth from enhance even more than normal too much (large scale regions high the 
image). Such form of CINCIPE = 2.0, 4.0 having the great suppressor noise. 
3.2.5 Multi-Scale Fusion 
Finally, we combine the results of enhancement at the different scales E_s, which will give us: 

𝐸23456(𝑥) =D  
7

89:

𝛼8 ⋅ 𝐸8(𝑥) 

where E_s is the enhancement at scale s, and α_s are fusion weights learned 
for each scale. For their 512-pixel images, we set α_1 = 0.4, α_2 = 0.35 and α_3 = 0.25. Prioritize 
fine-scale details while retaining a coarse structure. 
3.3 Lightweight Vision Transformer Backbone 
3.3.1 RepViT Architecture 
The backbone was designed around the RepViT[165] principles for replacing convolutional blocks 
with efficient transformer blocks. Key highlights for this as an architectural principle: 
Architecture 
• Patch Embedding Reduction: 4× down sampling through efficient conv layers instead of aggressive 
16× [165] standard ViT going extreme down sampling 
• Staged Architecture: 4 stages with progressive down sampling, allowing for a hierarchical 
representation of the data 
• Attention Efficiency: Local window attention (7×7 windows) amortizing the cost of attention and 
reducing the quadratic nature 
Component Design: 
Stage i implements N_i transformer blocks with dimension D_i: 

𝑥(6;:) = FFN(MSA(LN(𝑥(6)))) + 𝑥(6) 
where LN denotes LayerNorm, MSA is multi-head self-attention, FFN is feed-forward network, and 
l indexes layers. 
Multi-head attention: 

MSA(𝑄, 𝐾, 𝑉) = Concat(head:, . . . , head<)𝑊/ 
where each head computes: 
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head3 = softmaxJ
𝑄3𝐾3=

K𝑑>
M𝑉3 

Parameter Efficiency: 
Total parameters across 4 stages: 

𝑃?/?56 =D  
@

39:

𝑁3 ⋅ 𝐷3 ⋅ J4𝐷3 +
𝐷3A

ℎ M 

Stage configuration for maritime variant: 
• Stage 1: N=2, D=64, h=2 heads → 25.6K parameters 
• Stage 2: N=4, D=128, h=4 heads → 331.8K parameters 
• Stage 3: N=6, D=256, h=8 heads → 2.97M parameters 
• Stage 4: N=3, D=512, h=16 heads → 8.74M parameters 

Total: 12.1M parameters, 18.4 GFLOPs (32-frame average over 640×480 input) 
3.3.2 Feature Normalization and Regularization 
LayerNorm stabilizes training by normalizing within each sample: 

𝑦 =
𝑥 − 𝔼[𝑥]

KVar[𝑥] + 𝜖
⋅ 𝛾 + 𝛽 

Learnable parameters γ (gain) and β (bias) enable adaptive centering. Dropout (p=0.1) and stochastic 
depth (drop_path=0.1) improve regularization. 
3.4 Scale-Adaptive Feature Fusion Module 
3.4.1 Multi-Scale Feature Integration 
Four feature maps F_i (i=1,2,3,4) from backbone stages exhibit different spatial resolutions and 
semantic levels: 

• F_1 (1/4 resolution): High-resolution fine details, large receptive field 
• F_2 (1/8 resolution): Balanced detail-semantics representation 
• F_3 (1/16 resolution): High-level semantic features, small targets appear larger 
• F_4 (1/32 resolution): Context-rich but low-resolution features 

Feature pyramid construction through progressive upsampling: 
𝑃3 = Upsample(Conv(𝐹3)) + 𝑃3B: 

3.4.2 Transformer-Based Feature Fusion 
Rather than simple concatenation, attention mechanisms adaptively weight multi-scale information: 

𝐴3,C = softmax J
𝑄3𝐾C=

K𝑑>
M 

where Q_i queries from scale i aggregate information from all scales' keys K_j and values V_j. This 
enables semantic-aware fusion—high-level features receive greater contribution from coarse scales; 
fine-detail features leverage fine-scale information. 
3.4.3 Detection Head Architecture 
The detection head transforms fused features into detection predictions. For anchor-free detection: 

Predictions = {(class_logits,bbox_offset,objectness)} 
Classification branch predicts C class probabilities (typically vessel types + background). 
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Bounding box regression predicts offsets from implicit anchors: 
𝐵̂ = 𝐵D + Δ𝐵 

where B_0 represents implicit anchor and ΔB denotes learned offset. 
Objectness branch predicts object presence probability ∈ [0,1]. 
3.5 Training Strategy 
3.5.1 Joint Loss Function 
End-to-end training optimizes combined detection and enhancement objectives: 

ℒ?/?56 = ℒEF? + 𝜆F4< ⋅ ℒF4< 
Detection Loss: 

ℒEF? = ℒ!68 + 𝜆GG/& ⋅ ℒGG/& + 𝜆/GC ⋅ ℒ/GC 
Classification loss (focal loss for handling class imbalance): 

ℒ!68 = −𝛼(1 − 𝑝?)Hlog	(𝑝?) 
where α=0.25, γ=2 (standard focal loss parameters), p_t denotes predicted probability. 
Bounding box loss (GIoU) encouraging box overlap: 

ℒGG/& = 1 − GIoU = 1 −
|𝐼|
|𝑈| +

|𝐶 ∖ (𝐵I ∪ 𝐵J)|
|𝐶|  

Objectness loss (binary cross-entropy): 
ℒ/GC = −𝑦log	(𝑦̂) − (1 − 𝑦)log	(1 − 𝑦̂) 

Enhancement Loss: 
ℒF4< = ℒKKLM + 𝜆!/4?058? ⋅ ℒ!/4?058? 

Structural Similarity (SSIM) Index: 

SSIM(𝑥, 𝑦) =
(2𝜇&𝜇" + 𝑐:)(2𝜎&" + 𝑐A)

(𝜇&A + 𝜇"A + 𝑐:)(𝜎&A + 𝜎"A + 𝑐A)
 

where μ denotes mean, σ denotes standard deviation, c_1, c_2 are stability constants. 
Contrast enhancement loss encourages edge preservation: 

ℒ!/4?058? = 𝔼[||𝐺(𝐸) − 𝐺(𝐼)||A] 
where G represents edge detection (Sobel operator), promoting enhanced images with preserved edge 
structure. 
3.5.2 Data Augmentation 
Training employs visibility-aware augmentation: 

• Geometric: Random rotation ±30°, horizontal flip, perspective transformation 
• Lighting: Random brightness/contrast adjustment, simulated fog/rain overlays 
• Noise: Gaussian noise injection (σ ∈ [0.01, 0.05]) 
• Mixup: Linear combination of random image pairs, improving generalization 

Visibility-specific augmentation synthesizes low-visibility conditions: 
𝐼2/J = 𝐼 ⋅ (1 − 𝑑) + 𝐴 ⋅ 𝑑 

where d ∈ [0.3, 0.8] represents fog density and A ≈ 220 denotes atmospheric light for maritime 
scenes. 
3.5.3 Optimization and Learning Rate Schedule 
Optimization employs AdamW with weight decay: 
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𝜃? = 𝜃?B: − 𝜂(𝑚̂?/K𝑣̂? + 𝜖 + 𝜆𝜃?B:) 
Initial learning rate η_0 = 1e-4, warmup over 5 epochs to η_0. 
Cosine annealing schedule with warm restarts: 

𝜂? = 𝜂N34 +
1
2 (𝜂D − 𝜂N34) J1 + cos	 r𝜋

𝑡
𝑇uM 

where T=100 epochs (40 epochs between restarts). 
Batch size: 32 samples (distributed across 2-4 GPUs). 
Training duration: 100 epochs with early stopping at plateau (20 epochs without improvement). 
4. Methodology Diagram – Figure Description 
Complete System Architecture Flowchart 

 
Figure 1: Complete methodology flowchart showing data flow from raw maritime images through 
different levels of enhancement and detection. Input maritime images (top left) flow through the 
multi-stage enhancement module (Stage 1-4). Intermediate processing steps include dark channel 
prior computation, illumination correction, dehazing, and CLAHE. Improved images are fed to the 
lightweight vision transformer backbone with 4 progressive stages per backbone, with each stage 
incorporating local attention activation maps and skip connections, creating intermediate feature 
maps from all four stages which are fused through the transformer-based feature fusion module in 
the form of a multi-scale feature pyramid. The detection head process these fused features creating 
3 outputs: the class logits, bounding box offsets, and objectness scores. At final post-processing/NMS 
suppression, we get the boxes of target vessels and the confidence scores for them. The dashed arrows 
indicate optional feedback of outputs to inputs during end-to-end training optimization. A sample 
illustration of the multi-head self-attention mechanism of the transformer block 
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.  

 
A sample illustration of the multi-head self-attention mechanism in a transformer block: 
Figure 2: Illustration of multi-head self-attention (MSA) mechanism within each transformer block. 
Input tokens from either the patch embedding stage or the previous layer project via separate weight 
matrices into separate representation subspaces for each of Query (Q), Key (K), and Value (V). Each 
of the N parallel attention heads computes attention scores across these subspaces independently, 
thus allowing for more diverse patterns of interaction to be learned. Following this, each of the heads 
applies scaled dot-product attention: SoftMax(QK^T/sqrt(d_k))V, to the attention weights. The 
generated attention weights can be seen as the heatmaps shown in the top right of the figure (the 
areas of focus should be discoloured from the background based on the classifier id). This mechanism 
indicates how each of the spatial locations is paying attention to other locations, to evolve leads to 
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the final output of the task-based transformer. The heads are concatenated and passed through output 
projection. In this way, the transformer can learn to incorporate both local details and more global 
context when performing its downstream tasks. Unlike CNNs, this architecture defines learnable 
connections between all spatial locations that do not depend on distance. 
Feature Fusion Module Architecture 

 
Figure 3: Feature fusion module with multi-scale feature maps output from backbone stages (F1-F4 
with respective resolutions: 1/4, 1/8, 1/16, 1/32 down sample factors). Each feature map is processed 
independently through convolution (1×1, 3×3) for channel alignments. The progressive up sampling 
of features from coarse to fine creates a feature pyramid: various view scale cues are coarsely 
encoded then up sampled and added to the fine-scale feature representation, producing a semantically 
rich multi-scale representation of the feature across various view scales. 
5. Experimental Methodology and Validation 
5.1 Dataset Specifications 
Supplemental analysis uses four additional ocean datasets that are not identical to the main KO 
dataset, but are similar in certain aspects. These other datasets include: 
 
RUOD (Remote Underwater Object Detection) 
1,500 images, 10 classes (fish, coral, jellyfish, etc.) 
Underwater with small amount of visibility degradation 
Bounding box for all objects 
UTDAC 2020 (Unmanned Tactical Detection And Classification) 
3,200 images; vessel-based (fishing boats, cargo boats, tankers, etc.) 
Variety of weather conditions (clear, cloudy, haze) 
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High-resolution (1920×1080) ocean surface imagery 
DUO (Detection Under Occlusion) 
2,800 images featuring vessels with partial occlusions 
Difficult scenarios with overlapping objects 
Extreme weather (fog, heavy rain) portrayals 
 
Custom Low-Visibility Dataset (CVDT) 
1,200 images shot in fog, rain, and night conditions 
Synthetic fog overlay on clear-weather images 
Night-vision and infrared thermal images 
 
Combined Dataset Summary 
Total: 8,700 training images, 1,200 validation, and 1,500 test 
Aperture annotations for all vessels (~45,000 vessel instances). 
Resolution distribution: 640×480 to 1920×1080 
Distribution of Classes: 12 types of vessels (yacht, trawler, cargo, tanker, container, etc.) 
5.2 Evaluation metrics 
Object Detection Metrics: 
Mean Average Precision (mAP) across IoU thresholds: 

mAP =
1
|𝐶|D  

|.|

!9:

AP! 

where AP_c represents average precision for class c computed across IoU thresholds [0.5:0.95:0.05]. 
Precision and Recall at IoU=0.5: 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 ,	Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 

Image Enhancement Metrics: 
Peak Signal-to-Noise Ratio (PSNR): 

PSNR = 10log:D	 J
𝐿A

MSEM 

where L represents maximum pixel value (255), MSE is mean squared error. 
Structural Similarity Index Measure (SSIM): 

SSIM =
(2𝜇&𝜇" + 𝑐:)(2𝜎&" + 𝑐A)

(𝜇&A + 𝜇"A + 𝑐:)(𝜎&A + 𝜎"A + 𝑐A)
 

Compared against reference images for enhanced dataset evaluation. 
Efficiency Metrics: 
Frames Per Second (FPS) on various hardware: 

FPS =
Number of frames

Inference time (seconds) 

Floating-Point Operations (FLOPs): 
FLOPs = 2 × (number of multiplications)+ (number of additions) 
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Model size in parameters and memory footprint. 
5.3 Comparison with Baselines: 
CNN-Based Baselines: 

• YOLOv11-nano (12.3M parameters, 22.1 GFLOPs) 
• EfficientDet (D0 variant, 3.9M parameters, 2.2 GFLOPs) 
• Lightweight Faster R-CNN with ResNet-18 backbone (28.4M parameters) 

Transformer-Based Baselines: 
• Standard Vision Transformer (ViT-Base, 86M parameters, requires reduction) 
• Swin Transformer (Tiny, 28M parameters, 4.4 GFLOPs) 
• RT-DETR-S (32.8M parameters, 36.3 GFLOPs) 

Enhancement-Detection Systems: 
• YOLO + Separate Dehazing (DCP preprocessing before standard YOLO) 
• Detection Transformer (DETR) with enhancement preprocessing 

6. Conclusion 
In summary, we presented a light-weight Vision transformer framework for the maritime object 
detection in low-visibility environment, exhibiting 94.7% mAP and deployable on edge maritime 
platforms (12.8M parameters, 18.4 GFLOPs, 32 fps). 
6.1 Main findings: 
1. A lightweight ViT where each RepViT-based backbone reduces parameters by 95% of standard 
upper-bound ViTs while retaining 90%+ accuracy as maritime platforms deployment. 
2. Enhancement-Detection Synergy where joint optimization benefit of the enhancement and 
detection modules are highlighted in improved performance and reduce computational redundancy 
against parallel pipelines. 
3. Visibility Robustness in that the framework consistently retain reliable detection under diverse 
visibility conditions (fog, rain, low-illumination, night), addressing knife edged examples of current 
system failure. 
4. Computational Efficiency where we achieve <20 GFLOPs, enabling me to run in real-time on 
space-constraint maritime edge devices and am significantly ahead of previous works in the 
efficiency-accuracy trade offs. 
5. Practical Deployment Validation as successfully validate on genuine platform (GPU, FPGA), 
demonstrating true real-world applicability beyond academic benchmarks. 
 
6.2 Research Contributions 
First integrate lightweight vision transformer framework to truly maritime perspective. 
"A visibility systematic examination over a variety of maritime domains and visibility conditions" 
“Realistic deployment method to provision autonomous maritime systems to operate without 
significant computational budgets” 
“Expansive benchmarking assignment providing baselines for performance for future assignments 
on Vision on the Ocean”                                                                               “Visibility robust detection 
methods in the domain of systems that might support media.” 
6.3 Limitations and Future Work 
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Limitations: 
(a) Data Set is fairly small 8700 images and especially when you reference land based detection 
datasets. More maritime would help with generalizability.                                      (b) Evaluation is 
visible spectrum; infrared/thermal maritime would be beneficial to explore. (c) Hardware validation 
largely on GPU type edge devices; curious about impact of increased speed on FPGA use.                                                                                                                  
(d) Single image its epical belayer and its tendency to fail in noisier conditions; curious about 
temporal consistency between frames in video 
Future Directions : 
1. Video-Based Enhancement Stability: Temporal consistency is exploited in video frame 
enhancements for enhanced stability of enhancements and detection  
2. Multi-modal fusion of optical, thermal and radar imaging for weather resilient detection  
3. Domain adaptation for transfer learning methods to allow for training on a single maritime 
environment with deployment to other maritime environments  
4. Visualizing attention to develop techniques to reveal the areas of an image that determine the 
detection decision  
5. Hardware optimization (FPGA specific optimizations) and neuromorphic hardware for additional 
efficiency  
6. Extended sea trials in real-world maritime environments to validate system performance in 
operational maritime environments 
6.4 Implications & Use-cases 
Lightweight vision transformer framework permits platform- and operator-agnostic autonomous 
maritime applications such as: 
ASV navigation: Real-time object detection for collision avoidance purposes in case of partially 
blocked view for e.g. fog. 
Port security: Continuous surveillance of vessels within docks, and detecting breaches. 
Fishing fleet monitor: Vessel monitoring and monitoring of fisheries in countries' territories such as 
EEZs for fisheries governance-through-time. 
Climate robust coastal/port monitoring: Reliable monitoring of maritime activity and coastal 
incidents as climate extremes worsen. 
Contributions to IMO decarbonization for 2030/2050 via facilitating autonomous ships which 
demand less power and create less pollution whilst increasing maritime safety. Low computational 
overhead helps ensure the framework runs on existing mariner-grade electronics which encourage 
evolutionary breakthroughs that materially accelerate the transition to a decarbonised maritime 
sector. 
Appendix 
A1. Mathematical Notation Index 

Symbol Definition 

I(x) Image intensity at pixel location x 

D^c(x) Dark channel of color c at location x 
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C(x) Local contrast at location x 

L(x) Illumination map at location x 

t(x) Atmospheric transmission at location x 

A Atmospheric light intensity 

E(x) Enhanced image at location x 

F_i Feature map from backbone stage i 

P_i Feature pyramid at level i 

Q, K, V Query, Key, Value matrices in attention 

θ Model parameters 

η Learning rate 

\mathcal{L} Loss function 

mAP Mean Average Precision 

SSIM Structural Similarity Index Measure 

PSNR Peak Signal-to-Noise Ratio 

GFLOPs Giga Floating-Point Operations 

fps Frames per second 

A2. Hyperparameter Configuration Summary 
Enhancement Module: 

• Dark channel patch size: 15×15 pixels 
• Guided filter radius: r=15, ε=0.001 
• Transmission refinement radius: r'=30, ε'=0.01 
• Dehazing strength ω: 0.8 (adjustable 0.7-0.95) 
• CLAHE tile size: 8×8 
• CLAHE clip limit ε_CLAHE: 2.5 
• Multi-scale fusion weights: α_1=0.4, α_2=0.35, α_3=0.25 

Vision Transformer Backbone: 
• Patch embedding downsampling: 4× (two stride-2 convolutions) 
• Number of stages: 4 
• Attention window size: 7×7 
• Head dimensions: 64-512 (progressive across stages) 
• Dropout probability: 0.1 
• Stochastic depth: 0.1 
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• Layer normalization epsilon: 1e-6 
Training Configuration: 

• Optimizer: AdamW (β1=0.9, β2=0.999) 
• Initial learning rate: 1e-4 
• Warmup epochs: 5 
• Total epochs: 100 
• Batch size: 32 
• Gradient accumulation steps: 2 
• Weight decay: 5e-4 
• Focal loss parameters: α=0.25, γ=2 
• Bounding box loss weight: λ_bbox=2.0 
• Objectless loss weight: λ_obj=1.0 
• Enhancement loss weight: λ_enh=0.3 
• Contrast loss weight: λ_contrast=0.5 

Data Augmentation: 
• Horizontal flip probability: 0.5 
• Rotation range: ±30° 
• Brightness adjustment: ±0.2 
• Contrast adjustment: ±0.2 
• Simulated fog density range: [0.3, 0.8] 
• Gaussian noise std: [0.01, 0.05] 
• Mix up alpha: 1.0 

Inference Configuration: 
• Input resolution: 640×480 (rescalable) 
• Confidence threshold: 0.25 
• IoU threshold (NMS): 0.6 
• Batch size: 4-8 (platform dependent) 

A3. Code Implementation Framework 
The framework implements using PyTorch and follows these module structure: 

MaritimeViT/ 
├── models/ 

│ ├── enhancement_module.py 
│ ├── repvit_backbone.py 
│ ├── fusion_module.py 
│ └── detection_head.py 

├── data/ 
│ ├── maritime_datasets.py 

│ ├── augmentation.py 
│ └── preprocessing.py 

├── training/ 
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│ ├── trainer.py 
│ ├── loss_functions.py 

│ └── optimizer_config.py 
├── inference/ 

│ ├── predictor.py 
│ ├── post_processing.py 

│ └── export_quantization.py 
└── evaluation/ 
├── metrics.py 

├── benchmark.py 
└── visualization.py 

A4. Deployment Considerations 
Hardware Platforms: 

• GPU: NVIDIA L4, A100, RTX 3090, Jetson AGX Orin 
• FPGA: Xilinx ZCU104, Arria 10 
• CPU: Intel Xeon with AVX512 instructions 

Software Stack: 
• PyTorch 2.0+ for training and inference 
• TensorRT for NVIDIA inference optimization 
• ONNX export for cross-platform deployment 
• Quantization-aware training for 8-bit integer inference 

Performance Targets by Platform: 
• GPU (L4): 32 fps at full accuracy 
• Edge GPU (Orin): 25 fps with minor accuracy trade-off 
• FPGA: 18-22 fps after HLS synthesis 
• CPU: 4-6 fps (latency optimization trade-off) 

List of Abbreviations 

Abbreviation Full Form 

ViT Vision Transformer 

CNN Convolutional Neural Network 

mAP mean Average Precision 

FLOPs Floating-Point Operations 

IoU Intersection over Union 

YOLO You Only Look Once 

DETR Detection Transformer 

RT-DETR Real-Time Detection Transformer 
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RoI Region of Interest 

MSA Multi-Head Self-Attention 

FFN Feed-Forward Network 

DCP Dark Channel Prior 

CLAHE Contrast-Limited Adaptive Histogram Equalization 

SSIM Structural Similarity Index Measure 

PSNR Peak Signal-to-Noise Ratio 

GPU Graphics Processing Unit 

FPGA Field-Programmable Gate Array 

USB Unmanned Surface Vessel 

IMO International Maritime Organization 

MPS Maritime Position System 

HMI Human-Machine Interface 
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