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Abstract

This paper proposes a few-shot learning approach based on the transformer model to tackle the
challenges of underwater small object detection in sonar images using deep learning techniques.
We analyze the difficulties encountered in underwater small object detection with deep learning
methods when training samples are limited and propose corresponding solutions to address these
challenges. To address the challenges of unclear object contours and blurred feature details in sonar
images, we employ a transformer-based object detector that leverages the attention mechanism to
effectively utilize global image information for precise object localization and identification. To
handle the prevalence of small targets, we design a Multi-Branch Feature Extraction Module that
aggregates feature maps with different receptive fields, thereby enhancing the effective utilization
of small object features. In addition, the core design of the RT-DETR model is incorporated as
the baseline architecture, which significantly improves the real-time performance of the detector.
To overcome the challenge of limited training data, we apply transfer learning by first training
the entire MP-DETR, (More Precise DETR) network on a large-scale, general-purpose dataset.
Then the IOU-aware query selection module and detection head of the MP-DETR network is fine-
tuned using a self-compiled underwater small sample sonar image training dataset. The proposed
approach achieves a deep neural network suitable for underwater object detection based on sonar
images. Experiments were conducted on a self-constructed underwater small-sample sonar image
dataset, and the proposed MP-DETR achieved 98.5% mean average precision (MAP) and 53 frames
per second (FPS) real-time performance, which provides higher detection accuracy and real-time
performance compared with existing methods.

Keywords: sonar image, underwater small object detection, MP-DETR, transfer learning.



https://doi.org/10.15837 /ijccc.2026.4.6915 2

1 Introduction

With the rapid development of the global ocean economy, human development and utilization
of the oceans have been increasing, which has led to the frequent occurrence of maritime accidents
[16, 20, 23]. In this context, securing key sea routes against threats such as underwater weapons
(e.g., mines) has become an important issue of global concern [8, 28]. Underwater object detection
technology plays a key role in this process and is not only crucial in monitoring military threats such
as mines, but also has indispensable value in maritime emergency response missions such as search
and rescue [6, 27, 38].

Sonar, as the primary technology for underwater object detection, utilizes acoustic waves that can
travel long distances through water, making it particularly effective for detecting small objects on
the seabed [11, 36, 39]. Compared to electromagnetic and light waves, acoustic waves experience less
attenuation and scattering in water, allowing for longer detection ranges. However, sonar images are
often affected by noise, resulting in blurred or distorted object contours, especially when detecting
small targets [29, 41]. Additionally, the limited data transmission rates in underwater environments
pose a challenge for remote real-time processing. To address these issues, more small vessels and
underwater unmanned submersibles are now processing sonar data locally, reducing transmission load.
Therefore, developing a real-time, high-precision object detection system that can be deployed on
such platforms is crucial [14, 17, 45]. Traditional machine learning and image processing methods face
difficulties in efficiently and accurately detecting distant small objects in sonar images due to challenges
such as low image clarity, noise interference, and small object detection [1, 12, 33]. In contrast, deep
learning-based methods show great potential in overcoming these limitations, offering higher detection
accuracy and improved robustness. Furthermore, deep learning models can be deployed on underwater
platforms, such as small vessels and unmanned submersibles, enabling automatic target detection
without human intervention [22, 32, 34]. This not only generates smaller data volumes for detection
results but also reduces data transmission demands, leading to cost savings and enhanced operational
efficiency.

Currently, deep learning-based object detectors fall into two major categories: Convolutional Neu-
ral Network (CNN-based) detectors and Transformer-based detectors [3, 30, 40]. CNN-based detec-
tors typically include convolutional layers, pooling layers, and fully connected layers. They have
been widely applied in various domains, such as video surveillance, disease detection, threat alerts,
and shipwreck searches. However, these detectors often involve complex post-processing steps, such as
Non-Maximum Suppression (NMS) and pre-select bounding boxes, which limit their ability to perform
true end-to-end detection and hinder real-time performance improvements [7, 10, 25]. On the other
hand, Transformer-based object detectors, particularly the DETR series, have gained prominence.
DETRs incorporate self-attention processes in their encoders and decoders to capture global context
and long-range dependencies, they also eliminate the need for NMS and other manually designed el-
ements, simplifying the target detection process and enabling true end-to-end monitoring [4, 26, 48].
However, DETR faces challenges such as long training times and query optimization difficulties [2].
To address these issues, researchers have proposed optimization algorithms like Deformable-DETR,
Conditional-DETR, Anchor DETR, DAB-DETR, DN-DETR, and DINO, which improve training con-
vergence, query optimization, and positional information accuracy [15, 18, 21, 35, 43, 47]. Despite
these advancements, the complexity of attention mechanisms in Transformer-based architectures has
hindered real-time object detection. With the object of achieving real-time detection, RT-DETR uses
intra-scale feature interaction and cross-scale feature fusion of multi-feature maps instead of cross-
scale interaction of multi-scale feature maps, which greatly reduces the computational cost associated
with the attention mechanism. It outperforms all CNN-based and other Transformer-based detec-
tors in terms of real-time computation and detection accuracy, enabling the practical deployment of
Transformer-based object detectors [46]. However, RT-DETR also has its limitations in that its Neck
part mainly performs self-attentive operations on the S5 feature layer, which contains richer semantic
information. The direct fusion of this layer with lower feature layers (S3, S4) will bring about a huge
difference in information levels, which may negatively affect the detection results.These methods have
achieved satisfactory performance in visible-light image detection; however, due to the inherent differ-
ences between sonar and visible-light imagery, they cannot be directly applied to sonar image object
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detection.

Publicly available underwater sonar datasets suitable for training deep neural networks are scarce
due to reasons such as expensive equipment and difficult acquisition conditions, which makes training
high-performance object detectors a major challenge [19, 37]. In order to overcome this challenge,
researchers have proposed a variety of methods, which can be divided into two main categories: opti-
mizing the model structure and utilizing transfer learning techniques. Optimizing the model structure
mainly involves improving the architecture of the existing network so that it can learn the image infor-
mation more efficiently.Fan and colleagues optimized the overall network architecture of the YOLOv4
network and replaced it with a more efficient feature extraction module to improve the feature extrac-
tion capability of the detector [5].LE and his team embedded a parameterized Gabor filter module
in the deep neural network cascade layer to improve the scale and orientation decomposition of the
image and obtain better detection results [13].Phung and colleagues used a generative adversarial
network to augment the dataset with additional sonar images and introduced a hierarchical Gaussian
process classifier to improve the classification accuracy of the traditional convolutional neural network
[24]. Although these methods achieve promising results, most of them are developed on CNN-based
architectures, which struggle to effectively aggregate global-scale features. As a result, their perfor-
mance in small object detection remains limited, and they often fail to account for the blurring or
distortion commonly present in sonar images. The main idea of the transfer learning technique is to
first pre-train the object detector using large-scale datasets that are publicly available in the related
fields, and then use the limited available sonar datasets for fine-tuning, with the training can enable
the network to obtain sufficient feature extraction and refinement capability, and apply this capability
to the detection of small-sample sonar images. Huo et al. fine-tuned the VGG network using a large
amount of real sonar data and semi-synthetic data and applied it to a specific sonar image dataset [9].
Tang froze some of the convolutional layers in the pre-trained YOLOv3 model on the COCO dataset
and fine-tuned the remaining convolutional layers on a real sonar dataset [42]. Zhang et al. improved
the overall detection framework of the YOLOv5 network and performed the second pre-trained on a
real sonar image dataset, which solved the problem of discrepancy between optical image objects and
sonar image objects [44]. Transfer learning techniques generally achieve better results for small-sample
sonar image learning compared with methods that solely optimize model structures. However, these
approaches primarily rely on pre-learned features and do not incorporate mechanisms specifically tai-
lored to the unique challenges of sonar imagery, such as detecting small targets or handling blurred
and distorted object contours. Consequently, their performance may still be limited when objects are
weakly represented or partially obscured.

In this paper, we aim to develop a high-performance detector capable of accurately identifying small
objects with poorly imaged contours and deformation-prone shapes in sonar images. The detector is
also designed for deployment on low-computing-capacity platforms, such as small ships and underwater
unmanned submersibles. To this end, we propose MP-DETR (More Precise Detection Transformer), a
transformer-based framework that leverages the self-attention mechanism to capture global contextual
information for precise object localization. To enhance the representation of weak targets, we design
a Multi-Branch Feature Extraction Module that aggregates features from multiple receptive fields.
For real-time applicability, the core design principles of RT-DETR are integrated into the detector’s
neck, and its limitations are further addressed through a Reduce Information Refining Differences and
Feature-Fusion Module (RIRDFM). Instead of conducting cross-scale interactions across all feature
maps, this design applies self-attention only to semantically rich feature maps while employing an
optimized path aggregation network for multi-scale feature fusion. This strategy substantially reduces
the computational complexity of transformer-based detectors while preserving high detection accuracy.
Furthermore, to mitigate the scarcity of annotated sonar data, we adopt a transfer learning paradigm:
the network is pre-trained on a large-scale general dataset and subsequently fine-tuned on a small,
self-compiled sonar dataset, thereby improving learning efficiency and enhancing detection robustness
under data-limited conditions. The main contributions of this work are summarized as follows:

1. We propose MP-DETR, a transformer-based detector trained with a specially designed efficient
transfer learning strategy that pretrains on a large-scale general dataset and fine-tunes on a small
customized sonar dataset, achieving high detection accuracy while retaining real-time performance.
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2. A Reduce Information Refining Differences and Feature-Fusion modules is proposed to address
limitations in the design of RT-DETR, which reduces the information refinement differences between
feature maps when fusing multi-scale feature maps. This improvement greatly increases the detector’s
object detection accuracy.

3. A backbone network called Multi-Branch Feature Aggregation Network (MBFANet) is pro-
posed, which utilizes multiple Multi-Branch Feature Extraction Modules (MBFEMs) to extract multi-
dimensional features from sonar images, providing higher quality multi-layer feature maps to encoders
and decoders, and achieving improved detection of small objects in the image.

The remainder of this paper is organized as follows: Section II provides an overview of existing
research in the field of object detection based on underwater sonar images. Section III describes the
MP-DETR, the Reduce Information Refining Differences and Feature-Fusion modules (RIRDFM), and
the Multi-Branch Feature Aggregation Network (MBFANet) backbone.Section IV conducts extensive
experiments and analyzes the results. Section V summarizes the paper.

2 Related Work
2.1 RT-DETR

RT-DETR is the first real-time deployable transformer-based object detector, which is a true end-
to-end object detector, surpassing the best CNN-based object detectors and transformer-based object
detectors in terms of detection accuracy and real-time performance. RT-DETR has shown through
experimental analysis that performing self-attention operations only on the S5 feature layer containing
richer semantic information, and then fusing the self-attention processed S5 layer with low-level S3
and S4 features across scales, can achieve better detection performance than directly performing global
self-attention operations on the S3, S4, and S5 feature layers. Not only that, this processing method
can also greatly reduce the computational consumption of the encoders. This improvement allows
RT-DETR to overcome the computational complexity bottleneck that previously limited transformer-
based object detectors and become the first true real-time end-to-end object detector. In addition, RT-
DETR integrates an IOU-aware query selection module for initializing object queries, which encourages
selected tokens to have both high classification scores and high IOU scores by adding the IOU loss to
the classification loss, with the top 300 tokens with the highest scores being selected for content query
initialization. The position query is then obtained by mapping the content query to the corresponding
detection box and encoding it, adding it to the content query, and summed to get the final object
query. This object query initialization allows object queries to contain rich information about the
objects, which makes it easier to optimize and thus speeds up the convergence of the model.

2.2 Transfer learning

Transfer learning is a machine learning technique that involves using a model developed for a
previous task as the starting point and reusing it in the process of developing a model for a subse-
quent task. In recent years, transfer learning has been frequently applied to few-shot learning tasks
to address the challenge of training large-scale models without having enough training samples. The
fundamental idea behind transfer learning is that different domains can have inconsistent data distri-
butions, which also leads to inconsistent weight data distributions in the deep neural networks trained
on corresponding datasets, but the ability of the backbone to extract image features is generally uni-
versal. Based on this concept, the classical implementation process of transfer learning consists of first
fully training the network model in a domain rich in training samples, then freezing the weights of the
backbone and certain network layers that are not affected by the domain; and finally fine-tuning the
weights of the rest of the network modules using a small dataset of the object domain, so as to obtain
a deep neural network that can achieve good results in the object domain. In cases where there are
significant differences in data distributions between different domains, additional domain adaptation
modules will be included to enhance the model’s generalization capabilities.

In the case of underwater sonar images, which contain fewer fine-grained details compared to
generic visible light images, the feature extraction capabilities of deep neural networks trained on a
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Figure 1: The receptive field of each pixel on the feature map obtained by convolution kernels of
different sizes.

large visible light image are sufficient to handle sonar images. Moreover, there isn’t a significant data
distribution difference between them, so this paper does not include an additional domain adaptation
module. Improvements are made based on classic transfer learning methods, which are sufficient to
achieve good results.

3 Methodology

Sonar images contain more small objects than optical images, so the design of sonar image detectors
must be more oriented toward small object detection. In this paper, we use the architecture of RT-
DETR as a baseline. Since the original design of RT-DETR was tailored for object detection in general
visible light images, and did not fully consider the problems related to small object detection, we made
a series of modularization and training strategy improvements by combining the characteristics of sonar
images and the shortcomings of RT-DETR. itself. The detailed structure of the proposed MP-DETR
and corresponding training scheme, the Reduce Information Refining Differences and Feature-Fusion
modules (RIRDFM), and the Multi-Branch Feature Aggregation Network (MBFANet) backbone, are
introduced in this section.

3.1 Multi-branch Feature Aggregation Network

Although Transformer can correlate the global information of the feature map and has some
advantages in small object detection, the backbone of the general-purpose object detector is not
necessarily effective in extracting the small object feature information in the image, and if the backbone
cannot extract sufficiently rich small object information in the sonar image and provide it to the
encoders and decoders, the detector will still be difficult to achieve satisfactory results in small object
detection. Since there is a significant difference between the features of the object itself in the image
and those of the surrounding background, which is the basis for the detector to distinguish between
them, we hope that the feature maps obtained from the backbone network can fully capture the
features of both, while selectively distinguishing between them. As shown in Fig. 1, processing the
image with different sizes of convolutional kernels will result in feature maps with different receptive
fields, so adjusting the size of the convolutional kernels can make the processed feature maps contain
the feature information of different parts of the original image and the objects, and by synthesizing this
information, the detector can better distinguish between the foreground information and the objects
to be detected in the image.

Based on the above considerations and the unique characteristics of sonar images, we design
a new backbone network, MBFANet, to replace the baseline backbone and achieve more efficient
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Figure 2: MBFANet Network Architecture.
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Figure 3: MBFEM Network Architecture.

and discriminative feature extraction. Compared with conventional backbone networks, MBFANet
enhances multi-scale feature representation, better captures fine-grained details, and strengthens the
detection of small and weak targets that are common in sonar imagery. The core building block
of the network is the Multi-Branch Feature Extraction Module (MBFEM), as illustrated in Fig. 3.
In this module, the input feature maps are first split into four channels: three channels process the
features using convolution kernels of sizes 3x3, 5x5, and 7x7 (all with a stride of 1) to extract
multi-scale contextual information, while the fourth channel serves as a shortcut connection. By
aggregating the outputs from these four channels, MBFEM effectively captures features across multiple
receptive fields, providing richer representations than standard single-branch or traditional multi-
convolution modules. A Squeeze-and-Excite (SE) module is then applied to recalibrate channel-wise
feature responses, emphasizing informative channels and producing more discriminative and detailed
feature maps. To ensure consistency with the input feature dimensions, the concatenated outputs
are passed through a 1x1 convolution followed by an activation function to obtain the final output
of the module. Furthermore, at the end of each stage, feature maps undergo downsampling for
subsequent processing. Considering that conventional max-pooling layers often lead to information
loss, we replace them with 3x3 strided convolutions (stride=2), which preserve subtle features critical
for detecting small or weakly represented objects. By stacking different numbers of MBFEM modules
at different stages, MBFANet generates multi-scale feature maps that are then fed into the subsequent
transformer structures, enabling the network to efficiently extract and refine features while maintaining
high detection performance on sonar images.

Considering the practical deployment requirements of a sonar image object detector, we would
like to design a detector with a smaller number of parameters to achieve faster inference. Inspired by
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Figure 4: Modified MBFEM Network Architecture.

[31], we replace the originally proposed 5x5 and 7x7 convolutional kernels with two 3x3 convolutional
kernels and three 3x3 convolutional kernels, respectively, an operation that effectively reduces the
number of trainable parameters while keeping the sensory fields of the feature maps unchanged. The
structure of the improved MBFEM module is shown in Fig. 4.

3.2 RIRDFM module

RT-DETR only performs self-attention operation on the S5 feature map in its neck without any
processing on S3 and S4 feature maps, and then inputs S3, S4, and the processed S5 feature map
(afterward referred to as P5) into the CCFM module for the fusion process, in which to enhance
the comprehensive utilization of the feature map information and to improve the detection accuracy
of small objects. This design greatly reduces the computational cost of the RT-DETR encoder and
improves the overall detection accuracy, but in this paper, we believe that there is still room for
further improvement in this design. We believe that there is already some information refinement
difference between the S3, S4, and S5 feature maps generated by RT-DETR’s backbone network, that
is, from S3 to S5 feature maps, the semantic information becomes richer and richer, but the positional
information gradually decreases, using the PAN (Path Aggregation Network) structure to fuse the
S3, S4, and S5 feature maps can synthesize their positional and semantic information to achieve the
purpose of improving the detector and enhancing the detection accuracy. However, RT-DETR has
only processed the S5 feature map with self-attention, which makes the difference in the information
hierarchy between S5 and S3 and S4 feature maps further widen, and the direct fusion of the refined
P5 feature map and the unrefined S3 and S4 feature maps will negatively affect the final detection
accuracy.

To address the challenges of feature refinement and fusion in RT-DETR, we design the RIRDFM
(Reduced Information Refinement Difference and Fusion Module), illustrated in Fig. 5. Unlike conven-
tional fusion approaches, RIRDFM reduces the refinement differences among multi-scale feature maps
before fusion, while preserving critical spatial and semantic details. The module receives up-sampled
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high-level feature maps and low-level feature maps for refinement. First, the CBAM module pro-
cesses the low-level features to selectively emphasize informative channels and spatial regions, which
are then connected to the high-level features. The resulting feature maps are processed through two
complementary paths: one using a 1x1 convolution layer and the other using a multi-layer stacked
RepBlocks module. This dual-path design allows richer and more diverse feature extraction, capturing
subtle variations often missed by traditional single-path fusion. The outputs from both paths are then
summed, producing refined feature maps. Finally, all RIRDFM outputs are flattened into 2D and
concatenated to form the final memory feature, which is fed into the IOU-aware query module for
object query initialization. The specific process is shown in Equation 1.

C = Concat ( Conv (A) SE(Conv (B)) )

D = Flatten (C’onv (C) @ RepBlocks(Conv (C))N) )
“RepBlocks” module is consistent with RT-DETR.The purpose of the RIRDFM module is to effectively
reduce the differences in information refinement between feature maps of different scales, and then fuse
them together to obtain a fused feature map with clearer and richer semantic and location information.
This helps to mitigate the negative impact of significant information refinement differences between
different feature maps on the final detection accuracy.

3.3 MP-DETR

The overall architecture and implementation of MP-DETR proposed in this paper are shown in
Fig. 6, and the data flow and feature map scales through each module are further detailed in Fig.
7. The network consists of a backbone, a neck (an encoder and a RIRDFM module), an IOU-aware
query selection module, six decoders, and their corresponding detection heads. The backbone uses an
MBFANet, which is responsible for performing multidimensional feature extraction on the raw images
fed into the network and sending the S3, S4, and S5 feature maps output from the second, third, and
fourth stages to the neck for processing. The neck consists of an encoder and an RFM (Refinement
and Fusion feature module) architecture, the latter consists of a PAN structure, multiple upsampling
and downsampling processes, and multiple RIRDFM modules. In this paper, only the S5 feature layer
is fed into the encoder for self-attention to refine its global features. Considering that the S3 and
S4 feature layers are directly output from the backbone, there is a large difference in terms of the
degree of information refinement compared to the P5 feature layer, and their direct fusion through
the PAN will adversely affect the final results. Therefore, this paper uses the RIRDFM module to
process the S3, S4, and P5 feature layers before fusion, and the RIRDFM module can effectively
reduce the difference in the degree of information refinement between these feature layers so that the
fused feature maps can be utilized more efficiently. The IOU-aware Query Selection Module can map
the outputs of the Neck to the predicted results, and this paper selects the highest-scoring tokens
according to the category probability scores in the predicted results to initialize the object queries.
Specifically, these top 300 tokens with the highest scoring are directly treated as content queries, then
their corresponding detection boxes are encoded as location queries in a cosine fashion, and finally,
the content queries and their corresponding location queries are summed to obtain the final 300 object
queries. This implementation makes the information in the object queries come directly from the
feature map, which is closely related to the information of interest in the image, greatly reducing
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the difficulty of object query optimization and improving the convergence speed of the model. In
each decoder, the input object queries are first processed by self-attention and then interact with the
output memory of the neck through cross-attention to realize information interaction, from which the
key information in the feature map is further extracted. The object queries output from the decoder
will be mapped by its corresponding detection head to get the final detection results. In the training
mode, the detection result and the ground truth are computed by bipartite graph matching for loss
and the model is trained by gradient back propagation. The loss function is calculated as follows

LG y) = Loos (b, ) + Las(2,b,y,b) @
= Lo (b,b) + Las (&, ¢, ToU)

where § and y denote detection result and ground truth, § = {6,3} and y = {¢,b}, ¢ and b
represent categories and bounding box, respectively.

The training strategy of MP-DETR adopts a transfer learning approach. First, the network is
fully pre-trained using the MS COCO 2017 dataset, which consists of more than 118k training images
and 5k validation images, and the pre-training allows the network to obtain strong feature extraction
and processing capabilities. During the training process, a positive and negative sample denoising
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Figure 8: The training process of MP-DETR.

group is introduced into the decoder to optimize the bipartite graph matching and improve the model
convergence speed. Then, the network parameters of the backbone, neck, encoder and decoders of
the pre-trained model are frozen to retain its powerful feature extraction and refinement capabilities.
Finally, a custom underwater sonar image dataset is used to fine-tune the parameters of the IOU
-aware query selection module and the detection head for each decoder. The specific implementation
process is shown in Fig. 8.

4 Experiment

4.1 Setups

The MP-DETR model is first fully pretrained on the MS COCO 2017 dataset, then the network
parameters of the backbone, neck, encoder, and decoders are frozen, and finally, the unfrozen modules
are formally trained using a custom underwater sonar image dataset. The input images are resized
to 640x640 for both pretraining and formal training.The proposed MP-DETR model is compared
with the original RT-DETR [46] and the improved YOLOv5 [44] using AP in the standard COCO
AP evaluation metric and FPS as the detection accuracy metrics and real-time performance metrics,
respectively. The RT-DETR uses the HgNetv2 backbone, and it with MP-DETR was pretrained for
72 epochs on the COCO 2017 dataset, and the improved YOLOv)H network was pretrained for 300
epochs using the “L” model. In formal training after partially freezing the network modules, the
RT-DETR and MP-DETR were trained for 24 epochs each, and the improved YOLOv5 was trained
for 100 epochs. The network models were built based on Baidu’s paddle platform, and all the training
processes were carried out on two Nvidia GTX 3080 Ti GPUs with a computer operating system of
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Ubuntu 20.04.

4.1.1 Evaluation metrics

Due to the significantly higher proportion of small objects in sonar images, the commonly used
performance evaluation metric map (I0U=0.5-0.95) for object detection in visible images is no longer
applicable. Therefore, in this paper, the map (IOU=0.5) is used as the performance metric for evalu-
ating detector accuracy. The mAP integrally considers the misdetection and omission of the detector,
and the calculation of mAP needs to calculate P which reflects misdetection and R reflecting omission,
and then calculate the mAP according to P and R, where P and R are obtained by the following way

TP

P=rp 7P )
TP

R= TP+ FN (4)

where TP represents the number of correctly predicted positive samples by the detector, FP denotes
the number of falsely predicted positive samples, and FN indicates the number of falsely predicted
negative samples. Under IoU=0.5, the Precision (P) and Recall (R) for all object categories in the
dataset are computed at various confidence thresholds, yielding sets of P-R curves corresponding
to different object categories. Projecting these curves onto a two-dimensional Cartesian coordinate
system, the area under each class’s P-R curve is defined as the Average Precision (AP) value for that
class. The formula for calculation is as follows:

m

AP — %Z(Ri—Ri_l)Pi (5)

where M is the number of object categories, and map is the mean Average Precision (AP) corresponding
to all the categories.In addition, the FPS during the detector inference process is also adopted as a
real-time performance metric.

4.1.2 Implementation details

The AdamW optimizer was used for training the object detector with the following hyperparam-
eters: base_learning_rate = 0.0001, weight_ decay = 0.0001, global_gradient_ clip_ norm = 0.0001,
and linear _warmup_ steps = 2000. Additionally, the Exponential Moving Average (EMA) method
was employed with an ema_ decay of 0.999. Data augmentation techniques including color distortion,
image expansion, cropping, flipping, resizing, etc. are used.

The small sonar image dataset used in this paper is a custom dataset comprising 5000 images.
It contains three classes of objects: sea mines, shipwrecks, and crashed airplanes. Among these,
there are 3220 images containing sea mines, 2860 images containing crashed airplanes, and 2230
images containing shipwrecks. The majority of the images are of small objects, constituting 92.5%
of the entire dataset. Typical examples of these images are illustrated in Figure 9. Additionally, the
parameters of the sidescan sonar is shown in Table. 1.

Table 1: Parameters of the sidescan sonar.

Parameters values
Operating Frequencye 450kHz
Angular Resolution 0.2°
Number of Beams 5
Vertical Beamwidth 45°%

Scan Rate 4

Range Resolution 2.5cm
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Figure 9: Partial image examples from the custom dataset.

4.2 Comparison with others

Table 2 presents a comparison of the parameters and experimental results of the proposed MP-
DETR detector, the baseline RT-DETR detector, and the improved YOLOv5 detector on the custom
sonar image dataset. MP-DETR achieves an AP of 98.5 and a frame rate of 102 FPS, outperforming
the improved YOLOv5 by 2.5 AP and 20 FPS. Additionally, MP-DETR has a smaller parameter
size, making it more suitable for deployment in sonar-based underwater detection tasks, particularly
on resource-constrained platforms. While MP-DETR exhibits similar parameter size and inference
speed to the baseline RT-DETR, it outperforms RT-DETR by 3.2 AP in detection accuracy. These
experimental results highlight the effectiveness of the MP-DETR detector and the proposed training
strategy. Further validation of the improved network modules and strategies will be provided in the
ablation experiments.

Figure 10 presents a qualitative comparison of different detectors on representative sonar images. It
can be observed that the baseline detector, without specific adaptations for sonar image characteristics,
performs poorly and often fails to distinguish between objects and their corresponding shadows. The
improved YOLOv5 detector achieves better results than the baseline, yet its localization accuracy
remains inferior to our proposed method. In contrast, the proposed MP-DETR demonstrates the best
visual performance, effectively identifying objecs while providing higher localization precision and
clearer contour delineation. These results further validate the effectiveness of the proposed detector
and training strategy for sonar image object detection

Table 2: Comparison with other detectors.

Detector Backbone Params (M) APs50(%) FPS
MP-DETR (proposed) CSPDarknet-53 31 98.5 102
RT-DETR [46] HgNetv2 32 95.3 103
Improved YOLOV5 [44] MBFANet 47 96 82

4.3 Ablation Studies

In order to validate the effectiveness of the proposed MBFANet backbone, RIRDFM module, and
the designed transfer learning training strategy, we also conducted an ablation study to evaluate the
performance impact of the improvements proposed in this paper on MP-DETR, and the experimental
results are shown in Table 3. Through the results, it can be found that the MBFANet and RIRDFM
modules bring 1.5AP and 1.9AP improvements to the baseline model, respectively, and their combined
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Figure 10: Visual comparison of detection results among detectors

use brings even greater accuracy improvement, which further proves the effectiveness of the network
modules proposed in this paper. In addition, Table 3 also gives the results of MP-DETR trained
and validated directly on a custom small sonar dataset without pre-training, which only obtains 56.2
AP, illustrating that pre-training on a large dataset enables the network to obtain stronger feature
extraction and representation capabilities.

Freezing different modules of the pretrained network also has different effects on the final results
of the detector during the transfer learning process. Table 4 shows the results obtained by freezing
different network modules after the pretraining is completed and then the second training is performed,
when freezing the backbone network, the neck module, the encoder module and the decoder module
the network is able to obtain the best detection performance. It can be noticed that when obtaining
the best results, the role of the frozen network modules is mainly all about extracting or refining the
features, and these modules are insensitive to the object categories, whereas the IOU-aware query
selection module is used for result mapping and selecting the high scoring tokens, which is similar to
the detection head in terms of its structure and functionality. In addition, since the number of its
network parameters is negligible compared to the freezing module, the use of a custom small sonar
image dataset in secondary training can train it sufficiently well to adapt it quickly to the object
features of sonar images.

Table 3: Comparison of results from ablation experiments.

Detector APs50(%)
Baseline 95.3
Baseline + MBFANet 96.8
Baseline + RIRDFM module 97.2

MP-DETR (without transfer learning) 56.2

5 Conclusion

In this paper, a transformer-based detector - MP-DETR, which is proposed for detecting small
objects in underwater sonar images, which is based on the baseline detector, RI-DETR, to solve the
challenge of detecting a large number of deformable and ambiguous small objects in sonar images.
The study analyzes the effectiveness and limitations of the Neck of RT-DETR, and while retaining its
efficient design, it points out the negative impact of the difference in information refinement between
the P5, S3 and S4 feature maps on the detection results. To overcome this problem, we designed the
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Table 4: Comparison of results with different frozen modules.

Frozen modules AP5o(%)
Backbone 94.4
Backbone + RFM 94.9
Backbone + RFM + encoder 96.2
Backbone + RFM + decoder 96.5
Backbone + RFM + encoder+decoder 98.5
Backbone + RFM + 10U query-aware module 91.6

Backbone + RFM + encoder + decoder 4+ IOU query-aware module 93.3

RIRDFM module, which can reduce the information refinement differences between P5 and S3, S4
feature maps before fusion. We also design an efficient backbone, MBFANet, which can efficiently
and multidimensionally extract the information of the original image, provide high-quality feature
information for the subsequent transformer structure, and effectively improve the detector’s small
object detection accuracy. In addition, for the problem of sample scarcity in the underwater sonar
image dataset, we also design an efficient transfer learning approach for MP-DETR. First, MP-DETR
is fully pretrained on the MS COCO 2017 visible light dataset, then the specific network modules
responsible for feature extraction and refinement are frozen, and finally, the unfrozen modules are
fully trained using a small sonar image dataset. Extensive experiments demonstrate that the MP-
DETR proposed in this paper can achieve higher detection accuracy and real-time performance in the
underwater sonar image detection task compared to the existing methods.

However, some limitations remain. The performance of MP-DETR may vary under different un-
derwater conditions, such as changes in water turbidity, sonar sensor characteristics, or object types
not present in the training dataset. Future research could focus on developing real-time adaptation
mechanisms to handle dynamic underwater environments, integrating advanced sonar image enhance-
ment techniques, or leveraging semi-supervised and self-supervised learning to improve small-object
detection with limited labeled data. Addressing these directions would further enhance the robustness
and practical applicability of MP-DETR in diverse underwater scenarios.
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