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Abstract— Underwater object detection has attracted increas-
ing interest for its wide application in various underwater
tasks. However, due to underwater image quality degradation
and the lack of large-scale underwater object datasets, many
underwater detectors suffer from low detection performance.
To address the issues, we not only propose a novel underwater
transformer detector with multi-scale feature enhancement and
query optimization, named QO-Net, but also construct a new
underwater object detection dataset, called UODD. Specifically,
a Conv-Trans Layer is developed as the unit of QO-Net,
which effectively learns multi-scale image feature representation
through CNN and simultaneously captures the dependencies
among different positions in the sequence data through Trans-
former, enabling QO-Net to process underwater image sequence
information over longer distances. An effective combination
can enhance the representation of multi-scale features. Then,
QO-Net develops a positional query enhancement strategy to
optimize the spatial prior of positional queries, thereby speeding
up the convergence of the network training. In addition,
UODD also contains more than 20,000 underwater images for
training and validation, with a variety of rich underwater
categories. Extensive experiments on UODD, Brackish, and
TrashCan datasets demonstrate that QO-Net presents favorable
detection performance against state-of-the-art methods in terms
of robustness and accuracy.

I. INTRODUCTION

Recent years have witnessed the extensive development
of underwater object detection technology, which is widely
applied in naval coastal defense, fishery and aquaculture,
underwater robot guidance, and so on. However, the complex
underwater imaging environment is distance and wavelength
dependent and leads to quality degradations such as color
and texture distortion, blurred and hazed images, uneven
illumination, and low contrast visibility. In addition, there are
only a limited number of available underwater object image
datasets with incomplete labels. Therefore, how to accurately
and robustly locate and classify marine creatures with poor
image visibility is a remarkable and challenging task.

In order to resolve these problems, some researchers
directly introduce generic object detection frameworks into
underwater scenes. Currently, mainstream object detection
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Fig. 1. Comparison of our algorithm with other object detection algorithms
for underwater image detection. The left part is the detection result of
Cascade R-CNN, the middle part is the baseline detection result, and the
right part is the detection result of our algorithm. The yellow dotted line in
the figure indicates that the object has not been detected.

methods are divided into two categories: two-stage detectors
[1], [2] and one-stage detectors [3]–[5]. As we all know,
two-stage detectors have higher detection accuracy, while
one-stage detectors have faster inference speed. However, di-
rectly applying general object detection algorithms to special
underwater scenes performs poorly. The primary distinction
between underwater object detection and generic object
detection is the nature of the various detection contexts.
Poor vision, light refraction, absorption, and scattering [6]
invariably affect underwater images. This is mainly attributed
to the following points: (1) Objects in underwater scenes are
of different sizes, including many smaller targets; (2) The
effects of low contrast and color distortion of underwater
images lead to differences in the color of objects under dif-
ferent lighting; (3) The color and shape of aquatic organisms
are similar to the complex underwater environment, making
it difficult to distinguish whether they are objects.

With the development of underwater detection algorithms,
underwater object detection methods have been significantly
improved today. For example, in order to address the issue
of sample imbalance, Fan et al. [7] suggested an underwater
detection framework with feature enhancement and anchor
refinement. Dai et al. [8] proposed a gated cross-domain
collaboration network that simultaneously acquires original
images and enhanced images in parallel and then interacts
with and fuses information from both domains within a single
framework. Using hard example mining and uncertainty
modeling, Song et al. [9] presented Boostig R-CNN, a
two-stage underwater detector, to enhance underwater tar-
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get identification performance. Enhancing underwater image
quality has been the subject of several works [10], [11],
all of which show that the images obtained by underwater
image improvement are useful for later object detection tasks.
However, as several studies [12], [13] have noted, relying
solely on improved photos might not improve detection
efficacy and might even result in a significant decrease
in performance. This is due to the fact that algorithms
interpret scenes differently than human eyes, even though
these techniques for enhancing underwater images produce
greater visual restoration in human perception. The com-
prehension of an underwater image is not always improved
by merely adjusting its color and contrast. Additionally, it
is certain that the enhancement process may eliminate or
modify important patterns and details, which could cause
noise or artifacts to appear in the image [12]. Consequently,
the association between target identification and underwater
visual enhancement was investigated by [12], [13]. Although
existing underwater object detection algorithms have greatly
improved their performance, they still perform poorly when
faced with small and camouflaged underwater creatures, as
well as in low-contrast underwater environments.

Different from existing generic object detection algo-
rithms, to address problems such as blur, low contrast,
and texture distortion in underwater images, we propose an
underwater object detection framework with feature enhance-
ment and query optimization. It achieves favorable perfor-
mance, as shown in Figure 1. We will make improvements
in the model architecture and spatial location of queries.
Regarding the model architecture, we develop the Conv-
Trans Layer structure, which effectively combines CNN and
Transformer. This fusion enhances the representation ability
of the multi-scale features of the network. Additionally,
we address the spatial query location aspect by introducing
the Positional Queries Enhancement Strategy. This strategy
not only expedites the model’s convergence but also offers
precise spatial priors for positional queries. Finally, we also
construct a new underwater detection dataset called UODD.

In summary, our contributions are summarized as follows:
• We propose an underwater object detection framework,

QO-Net, and construct a brand-new Underwater Object
Detection Dataset, UODD.

• To deal with blurring and texture distortion in underwa-
ter images, we propose a Conv-Trans Layer structure
to enhance the representation ability of multi-scale
features.

• We propose the Positional Queries Enhancement Strat-
egy, which provides precise spatial priors for positional
queries, thereby speeding up the convergence of the
network.

II. RELATED WORK

A. Object Detection

CNN-based detectors can be divided into two categories:
two-stage and one-stage methods. In two-stage detectors
such as Faster R-CNN [1] and Cascade R-CNN [2], these

networks first generate some candidate regions through Re-
gion Proposal Networks (RPN) in the first phase and then
refine the generated candidate regions in the second phase.
In contrast, one-stage detectors SSD [4], YOLO [14], FCOS
[15], and RetinaNet [3] do not generate candidate boxes from
RPN but directly predict the offset of the ground-truth box
relative to the anchor box.

Transformer-based detectors, such as DETR [16], DAB-
DETR [17], and DINO [18], eliminates the need for anchor
design and additional post-processing stages and performs
end-to-end object detection. Many subsequent papers have
considered the problem of decoder cross-attention, making
DETR training converge slowly. In order to speed up the
convergence speed of DETR, it has been improved in many
aspects. For example, Dai et al. [19] proposed a dynamic de-
coder that focuses on regions of interest by combining mul-
tiple attentions between scale-aware feature layers, spatially-
aware spatial locations, and within task-aware output chan-
nels. Another direction to improve DETR is to understand
more deeply the role of queries in the decoder in DETR. For
instance, DAB-DETR [17] directly uses dynamically updated
anchor boxes to provide both a reference query point (x, y)
and a reference anchor size (w, h) to improve the cross-
attention computation. Recently, DINO [18] outperformed
the DETR-like model in terms of performance and efficiency
by using a contrast denoising training method, a hybrid query
selection method with anchor initialization, and a look for-
ward twice scheme with box prediction. However, state-of-
the-art object detection methods are not suitable for specific
underwater object detection because aquatic organisms are
usually blurred with the background and often hidden around
aquatic plants or rocks. Therefore, solving underwater object
detection requires more knowledge of visual perception and
attention.

B. Underwater Object Detection

Underwater object detection [12], [20] aims to localize
and identify objects in underwater scenes. It has attracted
continuous attention due to its wide application in fields such
as oceanography and underwater navigation. However, in un-
derwater scenes, the quality of underwater images is greatly
degraded by the effects of light, which leads to problems
such as low visibility, weak contrast, texture distortion and
color variations, and the complexity of the environment in
underwater scenes, which makes underwater object detection
more difficult. Due to the scarcity of currently available
underwater datasets, some works [21]–[23] use data augmen-
tation to try to increase the diversity of the data. For example,
Lin et al. [21] proposed an augmentation method called
ROIMIX for proposal-level fusion among many images. For
instance, Chen et al. [24] proposed SWIPENET, which is
made up of hyper-feature maps with high resolution and
extensive semantic content. In order to model the object prior
probability, Song et al. [9] proposed a two-stage detector
called Boosting R-CNN, which can produce high-quality
suggestions and take objectness and IoU prediction into
account for uncertainty.
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Fig. 2. Overall architecture of our framework. Our improvements are mainly in the Transformer encoder and decoder queries. In the encoder, we developed
the Conv-Trans Layer as the basic building block. The positional query enhancement strategy in our decoder optimizes the spatial prior of the positional
query.

Due to the challenges inherent in the underwater environ-
ment, Such as low contrast and various lighting conditions
and changes. In terms of water quality, image enhancement is
necessary. Existing methods [12] attempt to use underwater
image enhancement as a preprocessing step and perform
object detection on the enhanced images. However, the
detection performance is unsatisfactory and even leads to
a service performance drop. Since the algorithms perceive
the scene differently from human eyes, the enhanced image
may lose some important details and potential value that are
beneficial for object detection. Liu et al. [13] address the
problem by considering it a multi-task optimization problem.
Others take cross-domain collaboration as their starting point.
For example, Dai et al. [8] proposed a gated cross-domain
collaboration network that simultaneously acquires original
images and enhanced images in parallel and then interacts
with and fuses information from both domains within a single
framework.

However, the performance of these methods is still limited
due to the insufficient extraction of basic features. Different
from the above studies, we aim to design a more powerful
network for extracting feature representation and optimize
spatial priors for decoder position queries.

III. METHOD

A. Overview

The method proposed is an end-to-end object detector
similar to DETR, which is based on DINO [18] improve-
ments. The architecture consists of a CNN backbone, a multi-
layer Conv-Trans Layer, a multi-layer Transformer Decoder
layer and multiple prediction heads (see Figure 2). Given an
underwater image, we use the backbone network to extract
the multi-scale features of the image, and then feed the
obtained multi-scale features and corresponding positional
embeddings into the Conv-Trans Layer. Conv-Trans Layer
can effectively enhance the feature representation ability to
refine CNN features and deal with underwater image blur-
ring. After feature enhancement, we send it to a mixed query
selection strategy to obtain a preliminary representation of
the decoder positional queries, and then pass through the
Positional Queries Enhancement Strategy to obtain a more

accurate spatial prior. For the content queries section, keep
it the same as the content queries in DINO. On the decoder
side, the positional queries and content queries are input into
the decoder, and the object is searched by cross-attention.
The final decoder layer output predicts objects with boxes
and labels through the prediction head, and then have a
contrast denoising branch like DINO to perform denoising
training.

B. Conv-Trans Layer

To deal with problems such as blurred underwater images,
low contrast, and texture distortion, we propose a powerful
Conv-Trans Layer structure, as shown in Figure 3. This
structure can extract key feature information and enhance
the recognition ability of the classifier. Specifically, our
Conv-Trans Layer consists of two key components: Conv
Block and Transformer Block. Among them, Conv Block
is composed of convolutional neural networks. Because of
their inherent advantages, they are naturally suitable for a
variety of computer vision tasks. For example, translation
equivariance, which introduces inductive bias to CNNs,
allowing them to adapt to different sizes of input images.
Since convolution operations in CNN can only capture lo-
cal information, long-distance connections of global images
cannot be established. The Conv-Trans Layer also includes
Transformer Block, which enables input adaptive, long-range
dependencies designed to extract a global understanding of
the visual scene, and high-order spatial interactions through
multi-scale transformable attention operations, as well as
their competing modeling capabilities. The combination of
the two can effectively enhance the feature expression abil-
ity of the detector. Given an input feature map Xin ∈
RC×H×W , first input into the Conv Block to obtain the
local feature representation Y ∈ RC×H×W , and then input
the result into the Transformer Block to obtain the global
feature representation Z ∈ RN×C(N is the result of multi-
scale feature H multiplied by W flattening).
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Fig. 3. Conv-Trans Layer(CTL). It consists of two parts: Conv Block and
Transformer Block. CTL can enhance the feature representation capabilities
of the network.

Conv Block can be expressed as:

X1 = Norm (Xin) (1)
X2 = DWConv (δ (Conv (X1 )))⊗X1 (2)

Yin = Conv (X2 )⊕Xin (3)

where δ (·) refers to the GeLU activation function, Norm(.)
denotes layer normalization, DWConv(.) denotes depthwise
separable convolution, ⊗ denotes element-wise multiplica-
tion and ⊕ denotes element-wise addition.

Transformer Block can be expressed as:

Y = MSDeformAttn (Norm (Yin))⊕ Y in (4)
Z = FFN (Norm (Y ))⊕ Y (5)

where MSDeformAttn(.) denotes multi-scale deformable at-
tention and FFN(.) denotes a feed-forward neural network.

C. Positional Queries Enhancement Strategy

In order to make the positional queries in the cross-
attention module of the decoder have a better spatial prior,
we introduce the Positional Queries Enhancement Strategy
after the query selection module, as shown in Figure 4.

Channel transformation. Since each channel of the fea-
ture map is considered a feature detector [25], we use the
interchannel relationships of features to generate a channel
attention map. In order to effectively aggregate spatial infor-
mation, average-pooling downsampling is commonly used in
the field of computer vision. For instance, Hu et al. [26] uses
the attention module to calculate spatial statistics and Zhou et
al. [27] uses it to effectively learn the range of target objects.
In addition to average-pooling downsampling, we believe
that max-pooling downsampling gathers other important
information for different object characteristics. Therefore,
we use both average-pooling and max-pooling features to
improve the representation capability of the network. We
first input U ∈ RC1×N (C1 is the number of channels) into
the depthwise separable convolution to obtain intermediate
features. Secondly, the feature is aggregated by average-
pooling and max-pooling operations to aggregate the spatial
information of the feature map to generate two different

DWConv

AvgPool

MaxPool

C MLP Conv

α

Sigmoid tanh
U V W

Channel Transformation Spatial Transformation

V1

V2

Fig. 4. Positional Queries Enhancement Strategy(PQES). It contains
channel transformation and spatial transformation. PQES is used to enhance
spatial information for positional queries.

spatial context features V 1 ∈ RC1×1 and V 2 ∈ RC1×1.
Finally, the two features are concatenated and forwarded to
a multi-layer perceptron (MLP) to generate our channel map
V ∈ RC2×1(C2 is the number of channels). In short, the
channel transformation is computed as:

V1 = AvgPool (DWConv (U )) (6)
V2 = MaxPool (DWConv (U )) (7)
V = MLP (Concat (V1 ;V2 )) (8)

where AvgPool(.) denotes average-pooling downsampling,
MaxPool(.) denotes max-pooling downsampling, MLP(.) de-
notes a multilayer perceptron (consisting of two linear layers
and a LeakyReLU activation function), Concat(.) denotes
tensor concatenation and DWConv(.) denotes depthwise sep-
arable convolution.

Spatial transformation. Generating spatial attention maps
using inter-spatial relationships of features. Unlike chan-
nel transformation, spatial transformation use the spatial
relationships of features to generate spatial attention maps.
Firstly, on the basis of channel transformation, the spatial
transformation is performed.V ∈ RC2×1 is input into con-
volution, channel information fusion and spatial attention
map is generated, and spatial weights are normalized by the
Sigmoid activation function. Second, multiply the normalized
result by the learnable parameter α ∈ RC1×1 to learn how to
control channel activation wisely. Finally, the input feature
map and the spatial weights are multiplied to obtain W ∈
RC1×N . In short, the spatial transformation is computed as:

W = tanh (Sigmoid (Conv (V ))⊗ α)⊗ U (9)

where tanh(.) and Sigmoid (.) denotes the activation function,
Conv(.) denotes the convolutional layer, α is the learnable
parameter, ⊗ denotes element-wise multiplication.

IV. EXPERIMENTS

A. Datasets

We conduct experiments on three challenging underwater
object detection datasets to verify the effectiveness of our
method.

UODD is an underwater image we collected from the
web and then formed a completely new underwater object
detection dataset. As shown in Figure 5, our UODD dataset
compares quantitatively to other underwater datasets. It can
be seen that the UODD dataset has the largest number, reach-
ing 20309 underwater images. It contains 16247 training
images, 4062 validation images, and more than 120000 label
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TABLE I
COMPARISONS WITH OTHER OBJECT DETECTION MODEL RESULTS ON THE UODD DATASET. OUR METHOD ACHIEVES THE BEST DETECTION

PERFORMANCE WHEN USING RESNET50 AS THE BACKBONE NETWORK. THE FPS IS TESTED ON A SINGLE NVIDIA RTX 3090 GPU. ‘∗’ INDICATES

THAT THE MODEL HAS PQES ADDED.

Method Epochs AP AP50 AP75 APS APM APL FPS
Two-Stage Detector:
Faster R-CNN w/ FPN [1] 12 51.6 87.4 55.0 24.9 49.8 56.2 33.4
Cascade R-CNN [2] 12 53.2 87.3 58.6 24.7 51.2 58.2 28.6
Cascade RPN [28] 12 52.7 85.1 54.8 23.6 49.1 55.7 27.4
Dynamic R-CNN [29] 12 52.6 85.7 57.8 24.3 50.7 57.8 33.0
Sparse R-CNN [30] 12 47.5 80.7 50.4 21.6 46.4 52.6 33.4
Libra R-CNN [31] 12 52.5 86.8 59.2 24.9 51.6 58.4 32.5
RoIAttn [32] 12 52.7 86.7 59.8 25.4 52.3 58.2 28.3
DetectoRS [33] 12 53.8 88.5 57.5 24.9 52.7 57.4 13.6
CenterNet2 [34] 12 53.7 87.9 56.5 23.6 52.3 56.6 34.7
One-Stage Detector:
ATSS [5] 12 53.7 88.2 59.3 24.8 52.4 57.1 31.3
FCOS [15] 12 50.2 87.9 53.6 22.4 48.1 53.8 33.8
RetinaNet [3] 12 50.1 86.3 53.7 21.8 48.0 53.6 32.9
RepPoints [35] 12 50.5 85.9 54.3 23.2 47.4 53.6 32.4
AutoAssign [36] 12 52.5 88.4 56.2 22.7 53.5 56.9 32.2
CenterNet [37] 12 41.7 72.4 42.8 16.4 45.8 46.3 18.9
Transformer:
Anchor DETR(DC5) [38] 50 52.8 88.9 56.5 25.3 51.7 57.4 -
Deformable DETR(4scale) [39] 50 53.2 89.3 57.1 25.7 52.4 57.9 18.3
Deformable DETR(4scale)∗ [39] 50 54.0 90.6 58.4 26.6 53.1 58.7 -
DAB-DETR(DC5) [17] 50 51.8 87.7 55.2 24.4 50.2 56.9 13.4
DAB-DETR(DC5)∗ [17] 50 52.7 88.5 55.9 25.2 51.0 57.8 -
DN-Deformable-DETR(4scale) [40] 50 54.0 89.7 61.5 25.9 53.4 59.8 17.8
DINO(4scale) [18] 36 55.7 89.8 62.1 28.4 53.7 60.5 18.6
Ours:
QO-Net 12 54.4 89.6 59.6 26.4 52.5 60.1 18.0
QO-Net 36 57.2 90.4 63.2 30.2 55.4 62.4 18.0

TABLE II
RESULTS OF QO-NET AND OTHER DETECTION MODELS TRAINED ON

THE BRACKISH DATASET USING RESNET50 AS THE BACKBONE

NETWORK.

Method Epochs AP AP50
Faster R-CNN w/ FPN [1] 12 79.3 97.4
Cascade R-CNN [2] 12 80.7 96.9
Boosting R-CNN [9] 12 82.0 97.4
RetinaNet [3] 12 78.0 96.5
CenterNet2 [34] 12 79.3 97.4
DetectoRS [33] 12 81.6 97.0
RoIAttn [32] 12 78.3 91.0
GCC-Net [8] 12 80.5 98.3
Deformable DETR [39] 50 77.5 97.1
DN-DAB-DETR [40] 50 75.8 95.6
DN-Deformable-DETR [40] 50 78.7 97.3
DINO [18] 12 81.3 97.4
QO-Net 12 82.2 98.4

files. At the same time, the categories are also relatively rich,
consisting of four categories: starfish, echinus, holothurian,
and scallop. The images contain four resolutions: 704×576,
1920× 1080, 3840× 2160, and 720× 405.

Brackish is the first annotated underwater image dataset
captured in temperate brackish waters to be proposed earlier.
It includes six categories: big fish, crab, jellyfish, shrimp,
small fish, and starfish. The data set contains a total of 12,902
underwater images, in which the training set, validation set,
and test set are randomly divided into 9967, 1467, and 1468
images, respectively. The image size is 960× 540.

TrashCan is the first underwater trash instance segmen-
tation annotation dataset. The dataset contains 16 categories,
including trash, bio, rov, unknown, metal, and plastic. The
dataset contains a total of 7212 underwater images, of which
the training set and the validation set have 6008 images and
1204 images, respectively. The image size is 480× 270.

B. Experimental Details and Evaluation Metrics

Experimental Details. Our method is implemented on
MMdetection [41]. In the experiments, we use two train-
ing methods. The first method trains for 12 epochs, using
AdamW as the optimizer, with a weight decay of 0.0001
and a momentum of 0.9. The initial learning rate is 0.0001,
and the learning rate is reduced by 0.1 after the 11th epoch.
The second method trains for 36 epochs. The optimizer
and its corresponding parameters are the same as the first
training method, but the initial learning rate is reduced
by 0.1 after the 30th epoch. Here, we use the same data
augmentations as DETR and its variants: random cropping
and scale augmentation. For the CNN-based detector, we
train for 12 epochs. The optimizer is SGD, where the initial
learning rate is 0.005, the momentum is 0.9, and the weight
decay is 0.0001. The learning rate is reduced by 0.1 at the 8th
and 11th epochs. There is no additional data enhancement
other than traditional horizontal flipping.

Evaluation Metrics. The main reported results in this
paper follow standard COCO-style Average Precision (AP)
metrics that include AP, AP50 (IoU = 0.5), AP75 (IoU =
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0.75), APS (Small), APM (Medium), and APL (Large). AP is
measured by averaging over multiple IoU thresholds, ranging
from 0.5 to 0.95 with an interval of 0.05.

C. Comparison with State-of-the-art Models

We compare QO-Net with some state-of-the-art methods
on three underwater object detection datasets. The results are
shown in Table I, Table II, and Table III.

TABLE III
RESULTS OF QO-NET AND OTHER DETECTION MODELS TRAINED ON

THE TRASHCAN DATASET USING RESNET50 AS THE BACKBONE

NETWORK.

Method Epochs AP AP50
Faster R-CNN w/ FPN [1] 12 31.2 55.3
Cascade R-CNN [2] 12 33.6 54.3
Boosting R-CNN [9] 12 36.8 57.6
RetinaNet [3] 12 30.4 54.1
DetectoRS [33] 12 36.2 56.1
RoIAttn [32] 12 32.6 57.2
Deformable DETR [39] 50 36.1 56.9
DINO [18] 12 39.8 60.6
QO-Net 12 41.2 61.4

Results on UODD: As shown in Table I, we evaluate
the effectiveness of QO-Net by comparing it with base-
lines and other state-of-the-art methods. First, in terms of
detection accuracy, when our method uses ResNet50 as
the backbone network to train for 12 epochs, the accuracy
reaches 54.4 AP. It exceeds DetectoRS (53.8AP), ATSS
(53.7AP), CenterNet2 (53.7AP), and DN-Deformable-DETR
(54.0AP). When trained for 36 epochs, the detection accuracy
is 57.2 AP, which is 1.5 AP higher than the baseline method
with our proposed method. At the same time, it is better
than Anchor DETR (52.8AP), Deformable DETR (53.2AP),
and DAB-DETR (51.8AP) trained for 50 epochs. Secondly,
in terms of inference speed, QO-Net achieved 18.0 FPS,
which is better than two-stage detectors such as DetectoRS
(13.6FPS) and Transformer detectors such as DAB-DETR
(13.4FPS) and DN-Deformable-DETR (17.8FPS). Finally,
the positional query enhancement strategy we proposed is
applied to Deformable DETR and DAB-DETR, and the
detection accuracy is improved by 0.8 AP and 0.9 AP,
respectively. From this, we can conclude the effectiveness
of our proposed method.
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Fig. 5. The figure on the left is a comparison of the number of UODD
and other underwater datasets. The figure on the right is the number of each
category in the UODD dataset.

Results on Brackish: As shown in Table II, we exten-
sively evaluate QO-Net on the Brackish dataset. Our method

Input Image DINO Ours

Fig. 6. Visualization comparison of attention maps of input images on
baseline and our method.

achieved 82.2 AP and 98.4 AP50 using ResNet50 as the
backbone network. Compared with the baseline method, QO-
Net increases 0.9 AP on the Brackish dataset. In terms
of detection accuracy, our proposed method exceeds De-
formable DETR (77.5AP), DN-DAB-DETR (75.8AP) and
DN-Deformable-DETR (78.7AP) trained for 50 epochs us-
ing ResNet50, Boosting R-CNN (82.0AP), Cascade R-CNN
(80.7AP), DetectoRS (81.6AP), RoIAttn (78.3AP) and GCC-
Net (80.5AP) trained for 12 epochs. It is obvious that QO-Net
achieves significant performance improvements.

Results on TrashCan: The TrashCan dataset contains a
wide variety of underwater debris. The experimental results
of the TrashCan dataset are shown in Table III. QO-Net
obtained 41.2 AP, which is 4.4 AP higher than the recently
proposed underwater object detection method Boosting R-
CNN. At the same time, we also compared with other state-
of-the-art object detection methods, the detection accuracy of
QO-Net is better than DINO (39.8AP), Deformable DETR
(36.1AP), RoIAttn (32.6AP) and Cascade R-CNN (33.6AP).
As demonstrated by the results, our method may be tailored
to various water bodies and can still operate well even
in situations when the water environment undergoes major
changes.

D. Ablation Experiments

To verify the validity of each module proposed in our
method, we performed ablation experiments on the UODD
dataset. In addition, we also added tricks such as random-
rotating and random-erasing to the experiment to participate
in the comparison.

Table IV shows the rationality of our proposed functional
modules, which we gradually add to the experiment to
observe the changes. On the UODD dataset, first, we add the
Conv-Trans Layer (CTL) module to the baseline algorithm,
and we can observe that the Conv-Trans Layer function
module can improve the accuracy by 0.5 AP. In order to fully
utilize the feature representation capabilities of Conv-Trans
Layer, we added two tricks, random-erasing and random-
rotating, which improved by 0.7 AP compared to the baseline
algorithm. Secondly, the Positional Queries Enhancement
Strategy (PQES) was added on this basis, and the final
accuracy reached 54.4 AP. The effectiveness of our proposed
module can be seen from the above ablation experiment.
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(a) UODD

(b) Brackish

(c) TrashCan

Fig. 7. Qualitative detection results of QO-Net on the UODD (the first row), Brackish (the second row), and TrashCan (the third row) datasets.

TABLE IV
ABLATION COMPARISON OF THE PROPOSED ALGORITHM MODULES AND ADDED TRICKS ON THE UODD DATASET. WE USE THE TERMS “CTL”,

“RE”, “RR”, AND “PQES” TO DENOTE “CONV-TRANS LAYER”, “RANDOM-ERASING”, “RANDOM-ROTATING”, AND “POSITIONAL QUERIES

ENHANCEMENT STRATEGY”, RESPECTIVELY.

Method CTL RE RR PQES AP AP50 AP75 APS APM APL
Baseline(BL) 52.9 88.7 57.2 24.9 50.4 57.9
BL+CTL

√
53.4 89.2 58.2 25.2 51.6 58.8

BL+CTL+RE
√ √

53.5 89.2 58.4 25.3 51.9 59.1
BL+CTL+RR

√ √
53.5 89.1 58.1 25.2 51.7 58.9

BL+CTL+RE+RR
√ √ √

53.6 89.4 58.3 25.4 52.1 59.6
BL+CTL+RE+RR+PQES

√ √ √ √
54.4 89.6 59.6 26.4 52.5 60.1

In summary, the detection accuracy of our proposed func-
tional module is significantly improved on several different
datasets. In particular, the position query enhancement strat-
egy not only enhances the spatial prior of the position query
in the decoder but also speeds up the convergence speed of
the network. The Conv-Trans Layer module produced by the
effective combination of CNN and Transformer enables the
model to effectively capture different levels of information
in the image through the convolution layer and enables
the model to process longer-distance sequence information
through the Transformer. In this way, the representation of
multi-scale features is enhanced.

E. Qualitative Comparisons and Visualization Analysis
Figure 6 shows the visualization of the attention maps of

the input image on the baseline and our method. Obviously,
our method makes the attention area more complete and has
higher attention response to objects than other detectors. Fig-
ure 7 shows the qualitative detection results of our proposed
method on UODD, Brackish and TrashCan datasets. It is
evident that the suggested method is capable of handling
a wide range of difficulties in underwater item identification
tasks, such as diverse underwater settings, small, low-contrast
objects, and objects that are densely organized. As is shown
from the image, we applied the detector to underwater blurry,

occlusion, and uneven illumination and set the prediction
score to 0.05 to maintain high performance. It can be
seen from the test results that, our improved method has
obvious advantages in dealing with dense small objects and
ambiguous objects in underwater environments and is more
suitable for specific underwater environments.

V. CONCLUSION

In this paper, we discuss issues affecting object detec-
tion performance in underwater environments. Underwater
object detection is challenging due to low contrast, texture
distortion, and imitation of aquatic life. To address these
issues, we propose an end-to-end underwater object detector
based on Transformer. Compared to general object detectors,
our detector can handle issues such as underwater image
blur, low contrast, and color distortion. First, we propose the
Conv-Trans Layer structure. It effectively learns multi-scale
image feature representation through CNN while capturing
the dependencies between different positions in sequence
data through Transformer. An effective combination can
improve the representation of multi-scale features. Secondly,
we introduce a position query enhancement strategy in the
decoder cross-attention, which can speed up the convergence
to a certain extent and provide accurate spatial priors for
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position queries. Experiments on three challenging underwa-
ter object detection datasets demonstrate the generalization
performance of our method, and the effectiveness of the
proposed module is also verified in ablation experiments.
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