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Abstract— In recent years, significant progress has been
made in the field of underwater image enhancement (UIE).
However, its practical utility for high-level vision tasks, such
as underwater object detection (UOD) in Autonomous Un-
derwater Vehicles (AUVs), remains relatively unexplored. It
may be attributed to several factors: (1) Existing methods
typically employ UIE as a pre-processing step, which in-
evitably introduces considerable computational overhead and
latency. (2) The process of enhancing images prior to train-
ing object detectors may not necessarily yield performance
improvements. (3) The complex underwater environments can
induce significant domain shifts across different scenarios,
seriously deteriorating the UOD performance. To address these
challenges, we introduce EnYOLO, an integrated real-time
framework designed for simultaneous UIE and UOD with
domain-adaptation capability. Specifically, both the UIE and
UOD task heads share the same network backbone and utilize
a lightweight design. Furthermore, to ensure balanced training
for both tasks, we present a multi-stage training strategy aimed
at consistently enhancing their performance. Additionally, we
propose a novel domain-adaptation strategy to align feature
embeddings originating from diverse underwater environments.
Comprehensive experiments demonstrate that our framework
not only achieves state-of-the-art (SOTA) performance in both
UIE and UOD tasks, but also shows superior adaptability
when applied to different underwater scenarios. Our efficiency
analysis further highlights the substantial potential of our
framework for onboard deployment.

I. INTRODUCTION

The complex underwater environments pose serious chal-
lenges that notably degrade the quality of underwater images,
limiting the capabilities of AUVs to execute high-level vision
tasks like UOD [1][2]. Consequently, acquiring clear under-
water images with UIE methods is commonly regarded as
an essential prerequisite for vison-related underwater tasks.
Nevertheless, despite the rapid advancements of UIE in
recent years [3][4], its practical application in underwater
vision tasks, like UOD for AUVs, remains relatively unex-
plored. This can be ascribed to the following factors.

Firstly, using UIE as a pre-processing step for UOD un-
avoidably introduces additional computational latency [5][6],
since it requires the system to await the result of UIE before
executing the UOD task. Thereby, such approach signif-
icantly diminishes its suitability for real-time application.
Moreover, most deep learning-based UIE techniques demand
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Ground Truth Baseline EnYOLO(Ours)

Fig. 1: Visualization of detection results in greenish, bluish, and
turbid underwater environments. Our proposed EnYOLO conducts
simultaneous UIE and UOD effectively. Yellow dotted rectangles
indicate missed detections, while red dotted ones represent incorrect
detections. Zoom in for a better view.

considerable computational resource, limiting their feasibility
for practical integration into real-world AUV deployments.

Secondly, directly feeding the enhanced images generated
by UIE to an object detector may not lead to a performance
improvement. This is because most SOTA UIE techniques
are primarily designed to produce visually appealing images,
which may not align with the requirements of the UOD
task [7]. Additionally, the enhanced images may introduce
artifacts that could confound the object detector [8].

Lastly, the complex underwater conditions frequently lead
to various imaging effects (Fig. 1), causing significant
domain shift across different scenarios. It suggests that
a network trained in specific underwater conditions may
encounter challenges when adapting to different scenarios.
While previous researchers have explored domain adaptation
for UIE [4][9], there has been limited investigation into
addressing the domain adaptation challenge related to UOD.

To address the above issues, we present EnYOLO, an
integrated real-time framework for simultaneously perform-
ing UIE and UOD with domain-adaptive capability. To
be specific, both the UIE and UOD task heads leverage
the same network backbone and employ lightweight archi-
tectures. Furthermore, we introduce a multi-stage training
approach to maintain the balance in training both tasks,
with the overarching goal of consistently improving their
performance. Additionally, we propose a novel domain-
adaptation method to mitigate the domain gaps across various
underwater environments. Our main contributions are listed
as follows:

• We propose a unified framework capable of real-time
simultaneous execution of UIE and UOD tasks.
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• We introduce a multi-stage training strategy aimed at
consistently boosting both UIE and UOD tasks.

• We present a novel domain-adaptation technique to
mitigate the domain shift problem for UOD.

• Extensive experiments demonstrate the effectiveness of
our framework in achieving SOTA performance for
both UIE and UOD while also displaying superior
adaptability across diverse underwater scenarios.

II. RELATED WORK

A. Underwater Image Enhancement

UIE techniques can be classified into traditional and
learning-based approaches. While traditional methods can
produce clear images by estimating backscattering and trans-
mission under certain prior assumptions [10][11], their effi-
cacy may decline in complex real-world scenarios.

In contrast, learning-based approaches directly acquire the
mapping from degraded underwater images to their clear
counterparts, exhibiting improved adaptability in complex
situations. For instance, Wang et al. [12] introduced a
Swin Transformer-based [13] UIE method that leverages
local feature learning and long-range dependency modeling.
Huang et al. [14] proposed a semi-supervised UIE technique
incorporating contrastive regularization to enhance the visual
quality of underwater images. However, these approaches
involve high computational complexity, limiting their prac-
tical feasibility for integration into real-world deployments.
Although Jamieson et al. [15] proposed a real-time algorithm
that combines latest underwater image formation model with
computational efficiency of deep learning frameworks, their
primary focus is on visual quality enhancement, with unex-
plored applicability in high-level underwater vision tasks. In
this study, we have designed a lightweight UIE architecture
and explored its potential in the context of UOD task.

B. Underwater Object Detection

While generic object detection techniques have made
remarkable advancements in diverse terrestrial applica-
tions [16][17], the intricate underwater environments present
substantial challenges to UOD.

To enhance the performance of UOD, researchers usually
leverage UIE techniques as a preliminary step to enhance
image quality. For example, Jiang et al. [5] utilized Water-
Net [18] to enhance underwater image quality, subsequently
improving detection performance. Fan et al. [19] improved
detection performance by enhancing the degraded underwater
images at the feature level. Enhancing the image quality be-
fore detection has also been commonly adopted in object de-
tection for challenging terrestrial weather conditions [8][20].
However, these approaches unavoidably introduce significant
computational overhead and latency. Moreover, the presence
of potential artifacts in the enhanced images can lead to a
drop in detection performance in some environments [7].
Therefore, Cheng et al. [21] proposed a multi-task frame-
work that jointly trains both UIE and UOD tasks in an end-
to-end manner. Nevertheless, this approach relies on complex
network architectures to balance the training process for both

tasks, making it unfeasible for real-world deployment. In this
study, we design a straightforward framework that unifies
both UIE and UOD, incorporating a multi-stage training
strategy aimed at consistently improving the performance of
both tasks.

C. Underwater Domain Adaptation

Domain adaptation techniques have been studied in a
wide variety of tasks by mitigating the feature distribution
shifts between various domains [22][23]. In the context
of underwater vision tasks, domain adaptation is mainly
discussed in UIE. For instance, Uplavikar et al. [24] proposed
a UIE network to handle the diversity of water types by ad-
versarially learning the domain agnostic features. Chen et al.
introduced a domain adaptation UIE framework by utilizing
content and style separations in various domains. Wen et
al. [4] developed a UIE network featuring both inter- and
intra-domain adaptation strategies, enhancing its adaptability
across a range of underwater scenarios. However, current
techniques have primarily been confined to the realm of UIE,
with limited exploration in the domain adaptation of UOD.
Although Liu et al. [25] proposed a domain generalization
approach using WCT2 style transfer [26] to enhance the
capabilities of underwater object detector, their approach did
not address the issue of domain distribution shift. In this
study, we have introduced a simple but effective domain
adaptation strategy for UOD, leveraging the enhanced feature
embeddings derived from UIE.

III. PROPOSED METHOD

A. Problem Definition

Our proposed framework aims to effectively enable both
UIE and UOD simultaneously. The datasets for training in
this study are defined as follows. As depicted in Fig. 2(a),
we use a paired synthetic underwater dataset Dps =
{(xs, x̂s)i, i ∈ [1, ns]} to facilitate the training of the UIE
task; where ns represents the synthetic dataset size, xs

denotes the degraded synthetic underwater image, and x̂s is
the corresponding clear image. For the training of UOD task,
we utilize a labeled real-world underwater dataset Dlr =
{(xr, br, cr)i, i ∈ [1, nr]}; where nr refers to the real-world
dataset size, xr represents the real-world underwater image,
br indicates the bounding box annotations, and cr is the class
labels. Furthermore, real-world underwater images from Dlr

also constitute an unpaired real-world underwater dataset
Dur = {(xr)i, i ∈ [1, nr]} to enhance the performance
of UIE module in real-world scenarios. Additionally, the
enhanced result x̃r of UIE for each xr, together with their
corresponding br and cr, formulate a labeled enhanced real-
world dataset Dle = {(x̃r, br, cr)i, i ∈ [1, nr]}, which is also
utilized for training the UOD task. During the inference,
the network takes real-world underwater images xr and
subsequently predicts both enhanced images x̃r and detection
results (b̃r, c̃r), as shown in Fig. 2(b).
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Fig. 2: Overview of our proposed EnYOLO framework. (a) The schematic illustration of training process. (b) The inference process.

B. Network Overview

As illustrated in Fig. 2, our network architecture follows a
straightforward multi-task structure, comprising three com-
ponents: a network backbone, a UOD head, and a UIE head.
The UIE and UOD heads share the same network backbone,
with no feature exchange between them during inference.
Although such design is common in various multi-task
network paradigms [27][28], it holds particular significance
for real-world underwater vision tasks. Firstly, during real-
world testing, there is no dependency of the UOD head on the
enhanced results from the UIE task, significantly reducing
computational latency. Secondly, the decoupled nature of
UOD and UIE heads introduces greater flexibility for real-
world testing (Sec. IV-E).

It is clear that the network backbone and the UOD head
constitute a general object detector. In order to enable real-
time detection and maintain a lightweight architecture, we
employ the classic one-stage object detector YOLOv5 [29],
which incorporates CSPDarkNet53 [30] as the backbone. For
the UIE head, we adopt the core concept of CSPLayer [30]
to achieve a balance between network performance and
computational efficiency. As illustrated in Fig. 3, the majority
of convolutional filters within the CSPLayer employ a 1× 1
kernel size, significantly reducing parameter count and com-
putational demands. Moreover, the upsampling layer in our
UIE head utilizes bilinear interpolation, which requires no
additional network parameters and maintains computational
efficiency.

C. Multi-Stage Training Strategy

The training process for both UOD and UIE is non-trivial
since UIE primarily aims to enhance visual quality and fine
details, while UOD mainly focuses on extracting relevant
object features and their localizations. To address this issue,
we introduce a multi-stage training strategy (Alg. 1) consist-
ing of three training stages: the Burn-In stage, the Mutual-
Learning stage, and the Domain-Adaptation stage.

(1) Burn-In Stage: In this stage, the entire network is
trained to acquire fundamental capabilities in both UIE
and UOD tasks. As shown in Fig. 2(a), the network is
provided with paired synthetic underwater images Dps with
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Fig. 3: Network Architecture for UIE task.

weak augmentations, including random horizontal flipping
and cropping, for the UIE task. Similarly, the UOD task is
optimized using the labeled real-world underwater dataset
Dlr with strong augmentations, including mosaic patching,
random color jittering, blurring, as well as random horizontal
flipping and cropping. Since Dps includes reference images,
and Dlr is well-annotated, both tasks are trained in a super-
vised manner. During this stage, while the network acquires
capability in enhancing synthetic underwater images, it may
encounter difficulties when handling real-world underwater
images. Similarly, although UOD is initialized with the ca-
pability to detect real-world underwater objects, it may face
challenges in detecting objects across different underwater
environments.

(2) Mutual-Learning Stage: During this stage, the per-
formance of both UIE and UOD task is further improved
through mutual knowledge learning. In the case of the UIE
task, knowledge from real-world underwater images is lever-
aged by training with unpaired real-world underwater images
Dur to improve its capability in handling real-world scenar-
ios. It is important to note that since Dur lacks reference
images, we apply an unsupervised loss Luns (Sec. III-D) to
guide the UIE optimization. Simultaneously, the enhanced
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images x̃r generated by the UIE head are used to transfer
knowledge to the UOD task, enhancing object detection in
clearer underwater conditions. As illustrated in Fig. 2(a),
the enhanced images x̃r, along with the annotated bounding
boxes br and class labels cr, formulate a labeled enhanced
underwater dataset Dle that is employed to improve the UOD
performance in a supervised fashion.

(3) Domain-Adaptation Stage: In this stage, our goal is
to mitigate domain discrepancies and enhance UOD perfor-
mance in diverse underwater environments. It is assumed
that after sufficient training iterations, the domain gap in
the enhanced real-world underwater images generated by the
UIE head has been effectively reduced [4]. Consequently, the
feature embeddings of the enhanced images E(x̃r) can be
considered domain invariant, while the embeddings of the
original real-world underwater images E(xr) are adjusted to
align with E(x̃r). Instead of employing adversarial learning
for feature alignment [23], which requires additional network
architectures and increases training complexity, we adopt a
simpler approach by fixing the domain invariant embeddings
E(x̃r) and reducing the domain shift of E(xr) with our
proposed domain-adaptation loss Lda (Sec. III-D).

Algorithm 1 Multi-Stage Training Strategy
Input: Datasets Dps, Dlr, Dur; Burn-In step Nb, Mutual-Learning

step Nm, Maximum step N , Nb < Nm < N .
Output: Final EnYOLO network ΘN .

1: Initialize EnYOLO network. Θ0.
2: for i← 0 to N do
3: Feed with Dps and Dlr .
4: Compute Ltotal ← Lenh + Ldetr .
5: if Nb ≤ i then
6: Feed with Dur , and formulate Dle, then feed Dle.
7: Compute Ltotal ← Ltotal + Luns + Ldete .
8: end if
9: if Nm ≤ i then

10: Get E(x̃r) and E(xr).
11: Compute Ltotal ← Ltotal + Lda.
12: end if
13: Optimize EnYOLO by minimizing Ltotal.
14: end for

D. Loss Design

As shown in Alg. 1, the total loss Ltotal is the accumula-
tion of losses at different training stages, so we will introduce
the loss functions at each training stage sequentially.

1) Burn-In Stage: In this stage, the UIE task is trained in
a supervised manner with paired dataset Dps = {(xs, x̂s)},
then the enhancement loss Lenh is formulated as:

Lenh = ||x̃s − x̂s|| (1)

where x̃s denotes the enhanced synthetic image generated
by UIE head, and || · || represents the L1 norm.

The UOD task is optimized with labeled real-world dataset
Dlr = {(xr, br, cr)}. Then, the detection loss Ldetr is:

Ldetr = Lc(xr, br, cr) + Lb(xr, br, cr) + Lo(xr, br, cr), (2)

where Lc is the classification loss, Lb is the bounding box
loss, and Lo is the objectness loss [29].

2) Mutual-Learning Stage: In this stage, besides Dps,
the UIE task is also optimized with an unpaired real-
world dataset Dur. It is assumed that the enhanced real-
world images should comply with certain principles inherent
to clear natural images. Inspired by [15], we propose an
unsupervised loss Luns based on “gray-world” assumption,
expressed as:

Luns =
1

3

∑
c

((
1

N

∑
i,j

x̃r(i, j)

)
− 0.5

)2

, (3)

where x̃r represents the enhanced real-world underwater
images, c is the color channel, N is the number of pixels,
and (i, j) denotes the pixel position.

For the UOD task, we replace xr with x̃r, then the
detection loss Ldete is expressed as:

Ldete = Lc(x̃r, br, cr) + Lb(x̃r, br, cr) + Lo(x̃r, br, cr), (4)

3) Domain-Adaptation Stage: In this stage, we align
E(xr) with E(x̃r) by our proposed domain-adaptation loss
Lda. Inspired by [31], Lda reduces the domain discrep-
ancy between E(x̃r) and E(xr) by minimizing their mean-
squared error and covariance distances, which is:

Lda = MSE(E(xr), E(x̃r)) + ||C(E(xr))− C(E(x̃r))||2F , (5)

where C(·) denotes the feature covariance matrice, MSE(·)
represents the mean-squared error, and || · ||2F is the squared
matrix Frobenius norm.

IV. EXPERIMENTS

A. Implementation Details

Datasets: The paired synthetic underwater dataset Dps em-
ployed for UIE are extracted from the Syrea dataset [4]. This
dataset comprises a total of 20,688 training pairs. The labeled
dataset used for UOD is derived from DUO dataset [32], with
6,671 training images and 1,111 testing images. The DUO
dataset covers four distinct labeled categories: holothurian,
echinus, scallop, and starfish.
Training Setups: The YOLOv5 detector [29] serves as our
baseline network, and CSPDarkNet53 [33] is employed as
the backbone for our proposed EnYOLO. The network is
trained using the SGD optimizer for a total of N = 150k
steps with the Burn-In step set to Nb = 80k and the Mutual-
Learning step set to Nm = 120k. The base learning rate is
set as lr = 0.02, decaying by a factor of 0.1 at the epoch
Nb and Nm, respectively. For the UOD task, a batch-size of
16 is employed, while a batch-size of 8 is utilized for the
UIE task. Our framework is trained using PyTorch on two
NVIDIA 3090 GPUs.

B. Experiment on Underwater Image Enhancement

We evaluate the UIE performance of our proposed EnY-
OLO through a comprehensive comparison with other SOTA
UIE techniques using real-world underwater images, which
are selected from the UIEB dataset [34] and the DUO
Test set [32]. The compared methods include the traditional
approach UDCP [10] and learning-based methods such as
UNet [35], GLNet [36], and SyreaNet [4].
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Raw Input GLNet SyreaNet EnYOLO(Ours)UDCP UNet

Fig. 4: Visual comparison between various UIE methods. The first two rows contain sample images from the DUO test set [32], and the
last two rows contain sample images from the UIEB dataset [34]. Zoom in for a better view.

Fig. 4 illustrates the visual comparisons. As shown, UDCP
fails to effectively address the greenish/bluish color cast,
and SyreaNet introduces noticeable artifacts. While UNet
and GLNet can produce visually appealing results, they
introduce obvious artifacts (Row 4 for UNet) and shift the
original greenish color cast to a bluish hue (Row 1 and 4
for GLNet), which could be detrimental for UOD (Sec. IV-
C). In contrast, our proposed EnYOLO not only effectively
mitigates the greenish/bluish effect but also ensures no
artifacts that could potentially confound UOD task are intro-
duced. It’s worth noting that while EnYOLO demonstrates
impressive performance in handling real-world underwater
images across various environments, it may not excel as
much in restoring fine details. This trade-off is necessary to
strike a balance between the objectives of both UIE and UOD
tasks. We also conduct a quantitative evaluation using Image
Quality Assessment (IQA) metrics specifically designed for
underwater images, including UIQM [37], UCIQE [38], and
the learning-based URanker [38]. The results are presented
in Tab. I, demonstrating comparable performance by our
method EnYOLO against other SOTA methods.

TABLE I: Quantitative comparison of UIE performance for EnY-
OLO and other SOTA methods.

Methods UIQM↑ UCIQE↑ URanker↑

UDCP 1.290 0.556 1.411
UNet 1.371 0.553 1.528

GLNet 1.541 0.619 1.812
SyreaNet 1.656 0.582 1.781

EnYOLO 1.523 0.571 1.830

C. Experiment on Underwater Object Detection

We also conduct a comprehensive UOD evaluation of
our proposed EnYOLO against various SOTA approaches,
including the baseline YOLOv5 [29], FasterRCNN [16],
CSAM [5], JADSNet [21], IA-YOLO [8], DENet [39], and
Enhance+YOLOv5. CSAM and JADSNet are two detec-

tion methods specifically designed for underwater scenar-
ios. IA-YOLO and DENet were originally developed to
address adverse challenging weather conditions in terres-
trial environments. To assess their adaptability to under-
water environments, we utilized their official source code
and conducted retraining using the same training dataset.
For Enhance+YOLOv5, we employed SOTA UIE methods
GLNet [36] and SyreaNet [4] as the pre-processing step, and
the resulting enhanced images are subsequently employed to
train YOLOv5 for UOD.

Tab. II presents a thorough comparison of mAP between
EnYOLO and other SOTA detection techniques. Our EnY-
OLO achieves a significant improvement of +2.63% in
mAP over the baseline network, outperforming all other
SOTA detection methods. It’s noteworthy that utilizing UIE
methods such as GLNet or SyreaNet as a pre-processing step
yields a decreased mAP score. This indicates that while the
enhancement methods aim to improve visual quality, they
can have an adverse impact on the detection performance.

To further evaluate the domain adaptability of these meth-
ods, we synthesize underwater images of different envi-
ronments using the DUO Test set, following the technique
adopted in [4]. Visual comparisons are presented in Fig. 1.
The last three columns of Tab. II show that all methods
experienced a performance drop when operating in new
environments, and the most substantial drop occurs in the
bluish environment (−40.04% for YOLOv5), mainly due to
the domain discrepancies from the training set. Our proposed
EnYOLO outperforms all other methods significantly across
various environments, achieving an impressive +21.19%
increase in the challenging bluish environment compared to
the baseline, demonstrating the remarkable adaptability of
our method to diverse underwater environments.

D. Ablation Study

1) Effectiveness of UIE head: The effectiveness of the
UIE task for UOD can be tested by removing the UIE head,
which is the same with baseline model (Ab1 in Tab. III).
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TABLE II: Quantitative comparison of UOD performances for various methods on DUO Test set. The subscripts ho, ec, sc, and
st respectively represent distinct categories: holothurian, echinus, scallop, and starfish. The subscripts green, blue, and turbid denote
greenish, bluish and turbid underwater environments synthesized from DUO Test set.

Method Backbone mAP mAPho mAPec mAPsc mAPst mAPgreen mAPblue mAPturbid

YOLOv5(baseline) CSPDarkNet53 58.08 58.18 64.88 43.45 66.81 39.26 12.04 32.48
FasterRCNN ResNet50 57.41 59.56 62.12 41.69 65.38 25.54 9.67 26.94

CSAM CSPDarkNet53 57.81 60.76 63.61 42.41 65.20 38.31 12.23 32.34
JADSNet ResNet50 58.53 60.51 62.62 45.70 65.51 39.41 13.42 31.85
IA-YOLO CSPDarkNet53 58.28 60.52 62.44 44.27 65.90 40.18 14.77 33.91

DENet CSPDarkNet53 58.44 61.17 63.90 45.55 65.91 39.67 15.02 34.07

GLNet+YOLOv5 CSPDarkNet53 57.21 58.02 63.77 42.81 66.11 42.31 16.68 34.63
SyreaNet+YOLOv5 CSPDarkNet53 57.18 57.40 63.14 42.78 65.24 40.33 17.81 34.23

EnYOLO(Ours) CSPDarkNet53 60.71 60.29 65.57 48.45 68.54 45.73 33.23 44.31

TABLE III: Ablation studies on various modules.

Ablations Ab1 Ab2 Ab3 Ab4 Ab5 EnYOLO

UIE head ✓ ✓ ✓ ✓ ✓
Burn-In ✓ ✓ ✓ ✓
Mutual-Learn. ✓ ✓ ✓
Domain-Adapt. ✓ ✓ ✓

mAP 58.08 48.21 57.52 59.82 59.73 60.71
mAPgreen 39.26 25.31 40.13 42.33 43.25 45.71
mAPblue 12.04 10.29 25.45 28.97 29.88 33.23
mAPturbid 32.48 23.86 39.47 41.25 40.32 44.31

(a) Before Domain Adaptation (b) After Domain Adaptation

Fig. 5: Visualization of tSNE feature embeddings from various
underwater images. Green, blue, and orange dots denote features of
images from greenish, bluish, and turbid underwater environments,
respectively.

2) Effectiveness of each training stage: The effectiveness
of the Burn-In stage can be seen in Ab2 of Tab. III, which
shows a significant decrease in mAP of −9.87% to Ab1,
indicating the requirement for the network to acquire basic
abilities before further refinement. In contrast, Ab3 exhibits
only a marginal decrease in mAP compared to Ab1. The
effectiveness of Mutual-Learning and Domain-Adaptation
stages can be verified in the results of Ab4 and Ab5 in
Tab. III, respectively. We further visualize the influence
of domain-adaptation by visualizing the backbone feature
embeddings of different underwater images. As shown in
Fig. 5, the feature embeddings from different underwater
environments show a mixed pattern after domain-adaptation.

E. Framework Flexibility and Efficiency Analysis

We introduce three modes for real-world AUV testing:
Detection, Enhance, and Dual Modes. These options allow

for more flexible operation. In Detection/Enhance Mode,
the AUV can only employ a single task based on specific
requirements, significantly reducing computational cost. In
Dual Mode, both UIE and UOD tasks run simultaneously.
This enables researchers to visualize detections alongside
enhanced underwater images, thus facilitating a more com-
prehensive understanding of the detections.

We then conduct an efficiency analysis. As illustrated in
Tab. IV, in the Dual Mode, the inference latency is only
slightly increased by 3.17ms compared to the Detection
Mode, achieving an impressive frame rate of 74.29 fps. It
significantly outperforms all other methods for simultaneous
enhancement and detection (Row 3 to 5), highlighting our
proposed method’s superior suitability for deployment on
AUV’s onboard systems.

TABLE IV: Efficiency Analysis of our framework and other
methods (input size 640 × 640, on a single NVIDIA RTX-3090
GPU)

Methods Latency ↓ FPS ↑ GFLOPs ↓ Params ↓

YOLOv5 10.29 ms 97.15 20.04 20.88 M
FasterRCNN 20.44 ms 48.92 91.30 41.75 M

IA-YOLO 64.41 ms 15.53 192.81 61.70 M
GLNet+YOLOv5 93.09 ms 10.74 75.39 66.18 M

SyreaNet+YOLOv5 74.87 ms 13.36 112.53 49.88 M

EnYOLO (Det. Mod.) 10.29 ms 97.15 20.04 20.88 M
EnYOLO (Enh. Mod.) 11.71 ms 85.40 21.85 22.85 M
EnYOLO (Dual Mod.) 13.46 ms 74.29 24.04 31.57 M

V. CONCLUSIONS

In this study, we propose EnYOLO, a unified real-time
framework designed for simultaneous UIE and UOD with
domain-adaptive capability. The UIE and UOD heads share
the same backbone and employ lightweight designs. To
balance dual training, we introduce a multi-stage training
strategy aimed at consistently improving the performance of
both tasks. A novel domain-adaptation approach to mitigate
domain shifts for UOD is also proposed. Extensive experi-
mentation attests that EnYOLO achieves SOTA performance
in both UIE and UOD tasks, while demonstrating superior
UOD adaptability across varying underwater environments.
The efficiency analysis highlights EnYOLO’s impressive
real-time performance, demonstrating its substantial potential
for onboard deployment.
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