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Underwater object detection (UOD) is critical for applications ranging from
marine life monitoring and pollution assessment to autonomous underwater
navigation. However, detecting objects in underwater environments is
highly challenging due to poor visibility, light distortion, and the presence of
small, occluded, or camouflaged targets. Traditional object detection
models, trained on terrestrial datasets like MS COCO, struggle to generalize
to underwater environments. This paper proposes MDE-YOLOv1l, an
enhanced version of the YOLOv1l model tailored for UOD. The model
incorporates Multi-Scale Dilated Attention (MSDA) modules to enhance
contextual feature extraction, Deformable Convolutional Networks (DCN) to
improve adaptability to irregular object shapes, and Exponential Linear Units
(ELU) for better feature preservation in low-contrast conditions. The
proposed model was evaluated on two benchmark datasets RUOD and URPC
dataset. MDE-YOLOv11 achieves significant improvements, with mAP@50
of 90.6% on RUOD (10.9% over baseline YOLOv11n) and 76.8% on URPC2020
(1.4% over baseline). The model maintains near-real-time performance
making it suitable for real-time AUV applications. These enhancements
address UOD challenges like small object detection, occlusions, and
environmental noise, demonstrating superior accuracy and robustness

1. Introduction

Oceans and seas are one of Earth’s most expansive ecosystems, home to an incredible variety of
life and playing a major role in shaping the planet’s climate and environmental balance. Thus,
Underwater Object Detection (UOD) has received attention lately [1]. Many applications nowadays
depend on UOD and its precision, from studying marine life such as tracking endangered species,
monitoring coral reef health, and detecting illegal fishing activities [2]. Moreover, exploring the ocean
floor to detecting pollution and enabling safe navigation for autonomous underwater vehicles
(AUVs), pipeline inspection, and wreckage detection for offshore industries [3]. Also, UOD could be
important in Locating submerged objects or drowning victims in turbid waters [2]. Furthermore, UOD
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is vital in mine detection, submarine surveillance, and underwater drone reconnaissance. Without
advancements in this field, many of these tasks would remain inefficient, costly, or even dangerous
for human divers [4].

However, constructing a robust and accurate underwater detection system can be significantly
challenging. For example, Light absorption and scattering in water lead to low contrast, blurring, and
color distortion (dominant blue-green hues) which causes poor visibility to computer vision deep
learning models [5,6]. Additionally, distortions like suspended particles, bubbles, and varying light
conditions degrade image quality. Moreover, Marine creatures like fish and corals might appear
small, or occluded especially when marine creatures overlap. Also, models trained in one underwater
environment (e.g., clear tropical waters) may fail in another (e.g., murky riverbeds) [3]. Most
traditional model of object detection algorithms are evaluated on benchmark datasets like MS COCO
and PASCAL VOC which are primarily composed of images from terrestrial scenes, not underwater
environments [7]. These general-purpose datasets cover a wide range of object types and scenarios
but do not address the unique challenges posed by underwater imagery [8].

These conditions not only affect human perception but also severely impact the performance of
traditional computer vision algorithms making the creation of reliable object detection systems
specifically suited for underwater environments necessary [9].

In recent years, deep learning-based detectors, particularly those from the YOLO (You Only Look
Once) family, have demonstrated impressive performance in real-time object detection tasks [10].
However, applying these models directly to underwater environments often leads to suboptimal
results due to the domain gap between terrestrial and underwater imagery [11]. Therefore, adapting
and enhancing state-of-the-art detectors like YOLOv11 for underwater scenarios is a crucial step
toward improving detection accuracy and robustness in complex aquatic conditions.

In this paper, A modified architecture MDE-YOLOv11 is introduced which contains three key
different modifications:

(1) integrating Multi-Scale Dilated Attention (MSDA) after the second and third C3k2 modules to
enhance multi-scale feature extraction

(2) replacing standard convolutions with Deformable Convolutional Networks (DCN) in C3k2
bottlenecks to adapt to irregular object shapes

(3) substituting SiLU with ELU activation in Conv blocks to improve feature sensitivity in low-
contrast scenes.

This research paper is arranged as follows, section 2 shows the methodology of the proposed
model, the algorithms and techniques used in the MDE-YOLOv11 algorithm. Section 3 demonstrated
the experimental results and ended with the conclusion in section 4.

2. Methodology
2.1 Proposed Model

The proposed model is using YOLOv11, which is an anchor free detection model, as a base since
its architecture prioritizes speed, making it suitable for real-time underwater applications (e.g., ROVs,
AUVs, or diver assistance systems). Moreover, advanced feature pyramid networks (FPN/PANet) in
YOLOv11 might better detect objects at varying scales (e.g., small fish vs. large shipwrecks) [12].
2.1.2Y0LOv11

YOLOv11is composed of three modules, backbone, neck and head. These modules work together
to process input images, extract features, and generate predictions for bounding boxes, class labels,
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and confidence scores. Its design emphasizes efficiency, reduced parameter count, and enhanced
feature extraction, which are critical for challenging environments like underwater settings with low
visibility, complex backgrounds, and small objects [13].

YOLOv11’s backbone is responsible for extracting multi-scale features from input images. It starts
with standard convolutional downsampling layers to reduce spatial resolution and increase feature
depth followed by 2D batch normalization and a Sigmoid Linear Unit (SiLU) activation function. In
underwater environments, where images suffer from low contrast and color distortion, the Conv
Block’s robust feature extraction helps capture essential patterns despite noise or turbidity. The
backbone module also contains C3k2 layer which is a redefined version of the CSP bottleneck from
YOLOVS, replacing the heavier C2f block. C3k2 layers has faster computation and fewer parameters,
while retaining strong representational power [13]. The C3k2 block’s focus on small object detection
is highly relevant for UOD, where targets like fish or marine debris are often small and occluded.
Stack of C3k2 modules enhances efficient local feature extraction, followed by SPPF (Spatial Pyramid
Pooling Fast) pooling and the C2PSA (Convolutional Block with Parallel Spatial Attention) attention
module to refine and focus features before passing them to the neck [14]. SPPF improves robustness
to objects of different sizes and crucial for detecting both small and large underwater targets. The
SPPF block’s ability to handle multi-scale features is vital for underwater scenarios with varied object
sizes and complex textures. Moreover, the C2PSA utilizes two Partial Spatial Attention (PSA) modules
on separate feature map branches, which are later concatenated. This refines the model’s focus on
regions of interest [12]. The C2PSA block’s spatial attention is particularly effective for underwater
scenarios, where targets like fish or debris may blend into complex backgrounds. The backbone
generates three feature maps at different scales, corresponding to fine, medium, and coarse
granularity. These maps are critical for detecting objects of varying sizes, from small marine
organisms to larger underwater structures [15].

The neck aggregates feature from the backbone’s multi-scale feature maps to improve detection
across different object sizes and orientations, while the head generates final predictions, including
bounding boxes, class labels, and confidence scores [12].

The unique architecture of YOLOv11 makes it suitable for underwater object detection, however,
most YOLO models are trained on COCO or VOC datasets, which lack underwater-specific objects
(e.g., corals, sonar targets). Moreover, YOLOv11 struggles with hazy, distorted, or color-shifted
images (blue-green dominance) since C3k2 lacks built-in attention mechanisms to help focus on
relevant regions or suppress noise (e.g., bubbles, particles, lighting distortions). Additionally,
underwater scenes often have dense, overlapping objects (e.g., schools of fish) so YOLOv11 may miss
small or occluded objects without specialized post-processing, since features extracted by C3k2 may
be insufficiently refined for high-confidence detection, especially for small or camouflaged objects.

Thus, A modified version of YOLOv11l (MDE-YOLOv11) is proposed as shown in figure 1. The
modified YOLOv11 not only enhances the YOLOv11 detection precision for underwater scenes, but
also maintains the low computational cost of the YOLOv11 and the speed of the model.

2.1.2 Improved YOLOv11 Architecture (MDE-YOLOv11)

MDE-YOLOv11 proposed in figure 1 enhances the backbone and the neck modules to improve
the performance of the underwater object detection of small and occluded objects. The following
enhancements are made:

1) Multi-scale dilated attention mechanism (MSDA), is integrated in the backbone module to

enhance features extraction at different spatial resolutions, correcting C3k2’s shallow multi-
scale representation.
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2) Replacing Sigmoid Linear Unit (SiLU) activation with Exponential Linear Unit (ELU) activation
function in the Conv layer which is much simpler and less complex compared to SiLU.

3) Improving the C3k2 layer’s bottleneck by integerating Deformable Convolutional Network
(DCN) module to adapt across diverse underwater conditions (lighting, turbidity, current
movement). Deformable conv ensures flexible spatial understanding even after
downsampling in the bottleneck layer where information is distilled.

4) Modifying the C3k2 layer by replacing SiLU activation function with SiLU activation function
to preserve subtle features that SiLU might suppress due to its bounded negative region since
underwater edges are often blurry or low in contrast.
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Fig. 1. Modified Yolov11 architecture
2.1.2.1 Multi-scale dilated attention mechanism (MSDA)

MSDA is designed to enhance the feature extraction mechanism by combining dilated
convolutions with an attention module focusing on for capturing multi-scale contextual information.
Dilated convolutions utilize varying dilation rates to expand the receptive field without increasing the
number of parameters [16]. This allows the network to capture features at multiple scales, making it
effective for detecting objects of different sizes, especially small ones. MSDA is particularly suited for
tasks like underwater object detection, where objects vary in size, visibility is low, and backgrounds
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are complex due to water turbulence, lighting variations, and occlusions [17]. Moreover, it acts like
a visual filter that helps the model see through the noise and adapt to distortions that traditional
convolutional blocks struggle with [18].

As shown in figure 1, MSDA module is added after the second and the third C3k2 module only to
not add complexity to the original YOLOv11l. C3k2 is lightweight and efficient but lacks spatial
flexibility and context awareness. Adding MSDA after C3k2 amplifies weak or distorted signals missed
by the C3K2 layer compensating the lack of global context, especially in underwater scenes with
floating particles, caustics, or occlusions. Moreover, it clarifies the spatial attention, allowing the
network to “zoom in” on important regions adaptively.

MSDA is employed after the 2"¥ and the 3" blocks in the YOLOv11 which are the middle and deep
stages of the backbone which extract mid and high-level semantic features, so MSDA is best used at
those places to enhance the feature extraction.

2.1.2.2 Deformable Convolutional Network (DCN)

DCN is an advanced convolution network that learns by adaptive sampling locations. Unlike
regular convolutions, which use fixed, regular sampling grids (e.g., 3x3 kernels), deformable
convolutions dynamically adjust the sampling positions of the convolution kernel based on the input
features, making it particularly effective for handling geometric variations and complex object shapes
[19]. In the proposed MDE-YOLOv11, the deformable conv replaces the conv layer in the bottleneck
of the C3k2 block as shown in figure 2 which enhances the YOLOv11 ability to handle and adapt to
objects at various scales or irregular shapes (e.g., jellyfish tentacles, coral branches) which standard
Conv struggles with.
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Fig. 2. Modified C3k2 architecture
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2.1.2.3 Exponential Linear Unit (ELU) activation function

In challenging environments like underwater object detection with low contrast scenes and high
noise, ELU perform better than SiLU presenting hight accuracy and robustness to the model [20]. As
shown in figure 3, ELU replaced the SiLU in the Conv layer affecting the backbone and the neck
modules. ELU preserves negative activations and positive which improves the feature extraction and
helps with blurry and distorted objects presenting a more robust model. Moreover, ELU is faster and
less complex than SiLU.
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Fig. 3. Modified conv architecture

3. Evaluation and tests
3.1 Datasets

1) Real-world Underwater Object Detection (RUOD) Dataset

Is a benchmark dataset for underwater object detection, designed to address challenges like low
visibility, light scattering, occlusions, and distorted shapes in marine environments [21]. It consists of
14,000 high-resolution images typically divided into 9,800 training images and 4,200 validation
images. It also contains 74,903 labelled instances across 10 common aquatic categories: fish, sea
urchin, coral, starfish, sea cucumber, scallop, diver, cuttlefish, turtle, and jellyfish. Unlike synthetic
datasets, RUOD includes natural turbidity, lighting variations, and occlusions.
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Fig. 4. Samples of RUOD dataset
2) URPC2020 Dataset

A popular benchmark dataset for underwater object detection, it focuses on four key
categories of underwater organisms (Echinus (sea urchin), Starfish, Holothurian (sea cucumber),
Scallop) [22]. The dataset consists of 6200 images composed to 4200 images training set, 800
validation images and 1200 test images.

Fig. 5. Samples of URPC2020 dataset

3.2 Evaluation Metrics

The proposed model is evaluated using precision, recall and mAP (Mean Average Precision) using
the following equations, where precision as shown in Eq. (1) is the percentage of correct predictions
among all predicted positives of the detected underwater objects, while recall demonstrated in Eq.
(2) is the percentage of correct predictions of among all ground-truth positives. The performance of
the model is also tested using mAP shown in Eq. (3) and Eq. (4) which evaluates how accurate does
the model local and classifies the object correctly.
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3.3 Experimental Results

The proposed model MDE-YOLOv1l was evaluated through the two datasets RUOD and
URPC2020 dataset to generalize the model and validate its performance and robustness in
underwater object detection.

Table 1 demonstrates the ablation experiments of MDE-YOLOv11 over RUOD dataset, integrating
the ELU activation function showed better performance for YOLOv11, However, the mAP was higher
after the full modification of YOLOv11 presenting MDE-YOLOv11 module.

Table 1

Ablation experiments
Model Precision Recall mMAP50(%)
YOLOv1lln 87.7 80.5 87.5
YOLOvV11+ELU 88.5 80.9 88.2
YOLOV11+MSDA 88.9 81.2 88.5
YOLOvV11+ELU +MSDA 89.4 81.5 89.1
YOLOv11+Deformable Conv  87.9 80.7 87.4
MDE-YOLOv11 90.2 81.7 90.6

Moreover, table 2 showed a quantitative comparison on the different versions of MDE-YOLOv11,
nano, large and XL model. MDE-YOLO11X showed the highest performance according to precision,
recall and mAP, however, MDE-YOLOv11x has more parameters and more computational cost than
the others.

Table 2

Results on different YOLOv11 versions after modifications

Model Precision Recall mMAP50(%)
MDE-YOLOv11n 90.2 81.7 90.6
MDE-YOLOv11L 90.7 82.4 91.3
MDE-YOLOv11X 90.9 82.8 91.7

In order to validate the proposed model MDE-YOLOv11, the proposed model was compared to
baseline state of arts. The performance of the proposed model was evaluated on RUOD dataset as
shown in table 3 in terms of precision, recall, mAP, trainable parameters in million, and FLOPS. The
proposed model demonstrated highest precision, recall and mAP showing an improvement rate
almost 10% in terms of mAP. Despite the slight increase in the trainable parameters and the FLOPS,
the performance of the proposed model was superior, demonstrating balance between accuracy and
speed.
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Table 3

Comparison between the proposed model and the previous state of arts on RUOD dataset
Model Precision Recall mMAP50(%) Parameters (M) FLOPS
Faster-RCNN 81.4 82.0 81.7 13.72 18.12
YOLOv3-tiny 87.6 76.8 83.5 8.6 12.9
YOLOv5n 87.3 79.6 86.4 1.7 4.2
YOLOv6 82.9 71.0 78.7 4.23 11.8
YOLOv7-tiny 86.7 79.7 86.2 6.03 133
YOLOv8n 88.0 79.1 86.6 3.00 8.1
YOLOv9 89.0 83.0 89.0 5.72 16.7
RT-DETR 89.1 83.8 88.3 15.5 37.6
YOLOv10 86.2 80.2 86.4 2.69 8.2
YOLOv1lln 87.7 80.5 87.5 1.9 6.3
MDE-YOLOv11(Ours)  90.2 81.7 90.6 2.31 6.7

While table 4 shows the evaluation of the proposed model MDE-YOLOv11 on URPC2020 dataset
to validate the model and generalize it. The proposed model achieved highest performance in terms
of precision, recall and mAP with an improvement rate reaching up to 1% in terms of mAP. Moreover,
figure 6 demonstrates samples of the output predicted labels achieved by MDA-YOLOv11 on RUOD

dataset.

Table 4

Comparison between the proposed model and the previous state of arts on URPC2020 dataset
Model Precision Recall mMAP50(%) Parameters (M) FLOPS
YOLOv3-tiny 79.3 66.7 74.0 9.52 12.9
YOLOv5n 79.2 67.9 75.1 2.18 4.2
YOLOv6 77.5 66.9 74.1 4.15 11.8
YOLOv7-tiny 73.3 71.1 74.9 6.02 133
YOLOv8n 80.2 69.3 76.7 3.00 8.1
YOLOvV9 79.5 68.9 76.8 5.72 16.7
RT-DETR 77.8 61.2 64.5 15.5 37.6
YOLOv10 76.3 68.8 74.9 2.68 8.2
YOLOv1lln 78.2 68.8 75.7 1.9 6.3
MDE-YOLOv11(Ours) 80.1 69.1 76.8 2.31 6.7
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Fig. 6. Samples of prediction from the test samples of RUOD dataset where a) True labels of the
underwater object detection b) Predictions made by MDA-YOLOv11

4. Conclusions

This paper presents MDE-YOLOv11, a novel adaptation of YOLOv11 optimized for underwater
object detection. By integrating MSDA, DCN, and ELU activation, the model addresses critical
challenges in UOD, including low contrast, occlusions, and small object detection. Experimental
results on RUOD and URPC2020 datasets demonstrate superior performance, with a 90.6%
MAP@0.5 and 76.8% mAP@0.5, respectively, outperforming existing baseline methods. The
modifications strike a balance between accuracy and computational cost, making MDE-YOLOv11
suitable for real-time applications such as autonomous underwater vehicles (AUVs) and marine
conservation.
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