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Abstract: Side-scan sonar (SSS) detection is a key method in applications such as underwater

environmental security and subsea resource development. The use of acoustic images for seabed

target detection has gradually become a mainstream underwater detection method. However, many

existing detection approaches primarily concentrate on tracking the evolution path of optical image

object detection tasks, resulting in complex structures and limited versatility. To tackle this issue, we

introduce a pioneering Dual-Domain Multi-Frequency Network (D2MFNet) meticulously crafted to

harness the distinct characteristics of SSS image detection. In D2MFNet, aiming at the underwater

detection requirements of small scenes, we introduce a novel method for optimize and improve

the detection sensitivity of different frequency ranges and propose a Multi-Frequency Combined

Attention Mechanism (MFCAM). This mechanism amplifies the relevance of dual-domain features

across different channels and space. Moreover, recognizing that SSS images can provide richer insights

after frequency domain conversion, we introduce a Dual-Domain Feature Pyramid Network (D2FPN).

By incorporating frequency domain information representation, D2FPN significantly augments the

depth and breadth of feature information in underwater small datasets. Our methods are seamlessly

designed for integration into existing networks, offering plug-and-play functionality with substantial

performance enhancements. We have conducted extensive experiments to validate the efficacy of our

proposed techniques, and the results showcase their state-of-the-art performance. MFCAM improves

the mAP by 16.9% in the KLSG dataset and 15.5% in the SCTD dataset. The mAP of D2FPN was

improved by 8.4% in the KLSG dataset and by 9.8% in the SCTD dataset. We will make our code and

models publicly available at https://dagshub.com/estrellaww00/D2MFNet.

Keywords: target detection; side-scan sonar images; seabed object; frequency domain

1. Introduction

The superior underwater transmission and convenient characteristics of side-scan sonar (SSS)

make it the most effective and commonly used technical means for conventional underwater

exploration tasks [1–6], such as ensuring underwater safety, channel obstacle scanning, archaeology,

etc. With the further development of technologies, using SSS images to detect underwater targets has

become an essential way of detecting the underwater environment [7–9].

In SSS image detection field, methods [10–12] are mainly based on one-stage or two-stage detection

methods, such as Faster R-CNN [10], Cascade RCNN [13], SSD [14], Yolo series [11,15–18], et al.

Considering the characteristics of small targets, less target amount, and the seawater noise, many

methods follow the improved strategy of general target detection. The backbone and neck, the basic

part of existing detection methods [19], are improved based on self-structured and existing advanced

modules [8,20,21]. EMRN [22] proposes a multi-resolution features dimension uniform module to fix

dimensional features from images of varying resolutions. In addition, methods different from the above

routines are used in target detection algorithms, such as low-rank sparse matrix factorization [23],

vision transformer [24], pulse-coupled neural network [25], et al. What distinguishes the SSS image

detection field from other fields is that the amount of data is small, and the target in the image is
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accompanied by noise and shadows. In general, there is less feature information overall. At the

same time, the above methods do not fully mine the feature information of the target, resulting in the

methods being generally atopic and not universal. Moreover, these methods do not take into account

the phenomenon that the image has additional rich feature information in the frequency domain.

In order to introduce additional information expression of the image in the frequency domain, in

the traditional image processing field, scholars [26–29] consider feature extraction of target images

from the time and frequency domains. Wang et al. [26] noted that CNN has the ability to capture

high-frequency components that cannot be perceived by humans. HPGN [30] proposes a novel

pyramid graph network targeting features, which is closely connected behind the backbone network

to explore multi-scale spatial structural features. In the field of general-purpose target detection, Xu et

al. [31], Liu et al. [32] and Qin et al. [33] had tried to combine the frequency method with the detection

method. HSGM [34,35] proposes a hierarchical similarity graph module to relieve the conflict of

backbone networks and mine the discriminative features. In contrast, the existing research methods in

the field of sonar image target detection all perform feature extraction from a single domain in the time

domain, without considering the additional feature representation of sonar images in the frequency

domain, relative to the time domain.

This phenomenon is partly due to the fact that after the domain transformation of the image,

the entire image as an array no longer has a spatial association. As a result, the method of domain

conversion to obtain more feature information cannot be directly applied to various methods of target

detection. Some methods have borrowed the concept of frequency to make some attempts: Zhu et

al. [36] to separate the acoustically highlighted area from the surrounding environment based on

frequency analysis. Wang et al. [37] had constructed a novel network by enhancing and fusing the

different frequency characteristics of SSS images. However, by its very nature, frequency domain

conversion is not used to obtain characteristic information.

In addition to the problem of methodology, data as the root cause focus of target detection tasks

deserves attention. The release of public datasets [38] has brought qualitative improvements to the

general target detection field, such as PASCAL [39], COCO [40] and ImageNet [41]. However, there

is a lack of relevant public datasets to study in the field of SSS image target detection. The existing

ones usually are much smaller in size, less numerous, and lack benchmarks, such as SCTD [42] and

SeabedObjects-KLSG [43].

To solve the above problems, in this paper, we propose the dual-domain multi-frequency network

(D2MFNet). The D2MFNet consists of MFCAM and D2FPN. Considering that sonar images have more

feature expressions in the frequency domain that are different from the time domain features, the

MFCAM and D2FPN module is constructed to form the D2FENet that combines the feature expressions

in the time and frequency domains. The main work is as follows:

1. Dual-domain Multi-frequency Network:

Our pioneering approach incorporates frequency analysis into underwater sonar image detection,

revitalizing the task with limited data through feature fusion and frequency-based attention

mechanisms in D2MFNet.
2. Multi-frequency Combined Attention Mechanism:

We collect two public SSS datasets: part of SeabedObjects-KLSG for the classification task and

SCTD for the detection task. The KLSG dataset is reorganized to adapt detection tasks with

labeling in VOC format. Then the lack of standard benchmarks in both datasets is made up,

benchmark results is provided that other scholars can refer to.
3. Dual-Domain Feature Pyramid Method:

Innovating target detection, our D2FPN method transcends the limitations of traditional frequency

domain conversion by introducing feature fusion in the frequency domain, allowing for

high-frequency information filtering and diverse unconventional feature map conversions to

achieve unique and differentiated feature extraction
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4. Benchmark Dataset:

We curate and standardize two public SSS datasets – a portion of SeabedObjects-KLSG for

classification and SCTD for detection. By adapting KLSG for detection tasks and providing

benchmark results, we address the need for standardized benchmarks, offering valuable references

for fellow researchers

The remainder of this paper is given as follows. Section 2 gives a brief introduction to the related

works. Section 3 introduces the proposed SSS detection methods and benchmark dataset. Section 4 is

about experimental results and analysis. Finally, Section 5 concludes the paper.

2. Related Work

2.1. Target Detection for SSS Images

As an acoustic image, the detection difficulty of SSS images lies in the characteristics of large

noise, weak-and-small targets, and the small amount of data, which usually results in low precision of

the detection method [44–46]. To solve these problems, the existing side-scan sonar target detection

methods are usually based on the one-stage or two-stage detection methods, and the algorithm is

improved for private datasets. The multi-branch shuttle neural network (MBSNN) [47], plays a

role in AUV navigation tasks, improves the backbone and neck of the state-of-the-art Yolo5 with

multi-branch shuttle network and BiFPN [20]. The multilevel feature fusion network (MLFFNet) [8]

uses several improved modules to solve the problems in sonar images such as seafloor reverberation

noise interference, low pixel ratio in foreground objects, and poor imaging resolution. TransYOLO [21]

presents an anchor-free method based on a transformer feature fusion network and ellipse quality

evaluation.

Different from the above target detection methods, some scholars introduce some unconventional

methods for SSS image target detection. For example, Sun et al. [24] had proposed a dual path vision

transformer network (DP-VIT) to accurately detect targets in forward-look sonar and side-scan sonar.

Zhou et al. [25] had proposed an automatic underwater detection method based on the pulse-coupled

neural network (PCNN) by using forward-looking sonar images. GiT [12] proposes a structure where

graphs and transformers interact constantly, enabling close collaboration between global and local

features. Li et al. [48] had proposed a transfer learning method for sonar image classification and

target detection called the texture feature removal network, to deal with the problem of few targets in

sonar images. Cheng et al. [49] had proposed a multi-domain collaborative transfer learning (MDCTL)

method with multi-scale repeated attention mechanism (MSRAM) for improving the accuracy of

underwater sonar image classification.

2.2. Application of Frequency Domain for SSS Images

In the field of traditional image processing, it is common to consider the characteristics of images

in both the time domain and frequency domain, such as image filtering and downsampling [50]. The

usual frequency domain conversion methods are DCT [51], DFT [52], DWT [53], and FFT [54] derived

from DFT.

Converting an image from the time domain to the frequency domain has two benefits:

simplification of calculations and processing of information. When calculating, there are two

broad categories of simplifications: convolution operations into multiplication operations, and linear

differential equations into linear algebraic equations. In information processing tasks, time-frequency

conversion can measure images at high and low frequencies. Among them, the low-frequency

component is mainly a comprehensive measure of the intensity of the entire image, and the

high-frequency component is mainly a measure of the edge and outline of the image. Meanwhile,

Wang et al. [26] had discussed the generalization ability of CNN from the frequency distribution

of data. It is noted that CNN has the ability to capture high-frequency components that cannot be
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perceived by humans. And this phenomenon can be used to explain a variety of assumptions that

cannot be understood by humans, such as generalization ability and adversarial sample robustness.

Therefore, in the field of general target detection, some scholars [31,33,55] have tried to verify the

use of frequency domain images in target detection methods and improve the detection methods. Xu et

al. [31] had converted images to the frequency domain, and then grouped all components of the same

frequency into a channel. While multiple channels are generated, only the most important channels are

kept and inference. Liu et al. [32] had proposed a novel multi-level wavelet CNN (MWCNN) model, in

which wavelet transforms are embedded in the CNN architecture to reduce the resolution of the feature

map while increasing the receptive field. This method can be applied not only to image restoration

tasks but also to any CNN that requires pooling operations. Based on frequency analysis, Qin et

al. [33] had mathematically proved that traditional global average pooling is a special case of frequency

domain feature decomposition. Multi-spectral channel attention, termed as FcaNet, generalizes the

compression of the channel attention mechanism in the frequency domain.

In sonar image tasks, some scholars have tried to use the addition frequency processing method

to carry out deep mining of image information. Zhu et al. [36] used a protrusion detection technique

based on frequency analysis to separate the acoustically highlighted area from the surrounding

environment. This segmentation roughly locates the diver’s target and generates a region of interest

(ROI). Wang et al. [37] had constructed a novel recurrent pyramid frequency feature fusion network

(RPFNet) by enhancing and fusing the different frequency characteristics of SSS images, using the

residual structure and attention mechanism which effectively extracted fine-grained features, reduced

background information interference, and improved nonlinear feature representation capabilities.

Although the above sonar image detection method uses the concept of frequency, its essence is

only borrowed from this concept and does not convert the image into the frequency domain. The main

reason is that the points on the spectrogram do not have a one-to-one correspondence with the points

on the image, so the frequency domain information cannot be directly used in the network method.

2.3. Public Database and Benchmark for SSS Images

Data is the input to deep learning methods. It is important but easy to overlook. While building

accurate algorithms and the application of computational methods is part of the process to achieve

the task, a good machine learning project, from structuring the model to landing testing, is based on

using the right datasets. For a machine learning model, the quality of the output largely depends on

the amount and quality of the input.

The Pattern Analysis, Statistical Modelling and Computational Learning (PASCAL) Visual Object

Classes (VOC) project [39] is a competition led by Mark Everingham and others, which is a very

large competition from 2005 to 2012, initially mainly used for target detection, and finally contains 5

competitions, classification, detection, segmentation, action classification, person layout. ImageNet [41]

is to build a large database of computer vision research, with keywords selected from WordNet. The

complete Imagenet dataset has more than 14 million images, covering more than 20,000 categories of

annotations and more than one million bounding box annotations, each category is about 500 1000

images. Common Objects in Context (COCO) [40] takes scene understanding as the goal, especially

selecting more complex daily scenes, compared to the establishment of Pascal to promote the target

detection task, the establishment of COCO is to promote the positioning and segmentation task in the

natural background, so the target in the image is calibrated by a very accurate segmentation mask.

In the classification, detection, and segmentation tasks using SSS images, some datasets are

established to make up for the lack of data in this field: WH-Dataset and QD-Dataset [56] are designed

to validate the advantage of the method Wang et al. had proposed. The self-made sonar common

target detection dataset (SCTD) [42] is designed for detection tasks with labeling in VOC format. The

SeabedObjects-KLSG dataset [43] is a real SSS image dataset that focuses on multiple classes of sonar

images of drowners, shipwrecks, aircraft, mines, and seabeds.
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However, not all of the above datasets are available. Among them, the public SSS images dataset

that can be obtained so far are SCTD and part of KLSG. And only SCTD are designed for target

detection tasks.

3. Methods

In this section, we present in detail the structure of D2MFNet and the benchmark dataset. Firstly,

the composition of the main network structure, consisting of MFCAM and D2FPN, is described.

Among them, MFCAM focuses on information on different frequency components to better experience

the information of the target’s grayscale changes and edge contours. D2FPN introduces frequency

domain features to further mine image feature information. Finally, the collected data set is processed,

and the benchmark is built and analyzed.

3.1. Multi-Frequency Combined Attention Module

To obtain more feature information in a situation where sonar images’ quality is quite terrible

that even human eyes cannot figure out the specific target type, we first elaborate on the Fast Fourier

Transform (FFT), which is the underlying algorithm of the following module, and then construct the

D2FPN to realize feature extract and fusion in time and frequency domain.

3.1.1. Fast Fourier Transform

Fast Fourier Transform (FFT) is a fast Fourier transform that simplifies the computational

complexity of Discrete Fourier Transform (DFT). The two-dimensional DFT is a transformation method

that converts an image from the spatial domain to the frequency domain. And the formula of the

two-dimensional Discrete Fourier Transform (2D DFT) is as follows:

F(u, v) =
Mx−1

∑
x=0

My−1

∑
y=0

f (x, y)e
−j2π( ux

Mx
+

vy
My

)
, (1)

which f (x, y) represents the spatial domain matrix of size Mx × My, F(u, v) represents the Fourier

transform of f (x, y), u and v can be used to determine the frequency of the sine-cosine, u, v =

0, 1, 2, . . . , Mu − 1|Mv − 1, and Mu × Mv is the frequency domain matrix size after the transform.

Correspondingly, the inverse 2D DFT can be written as:

f (x, y) =
1

Mu · Mv

Mu−1

∑
u=0

Mv−1

∑
v=0

F(u, v)e
j2π( ux

Mx
+

vy
My

)
, (2)

which x, y = 0, 1, 2, . . . , Mx − 1|My − 1.

The size of the frequency domain matrix is the same as the size of the original spatial domain

matrix. Each point in the frequency domain matrix represents a function with frequencies u, v, and the

combination of these functions in the spatial domain is the original function f (x, y).

With 2D FFT, we choose three images from different classes in SCTD to show the result after

frequency domain transfer. As shown in Figure 1, the amplitude and the phase spectrum after spectral

centralization are shown. Spectrum centralization makes the spectrum distribution in the frequency

domain show the law of low middle and high encirclement. The amplitude spectrum has obvious

signal structure characteristics, only contains the periodic structure contained in the image itself, and

does not indicate where it is. The phase spectrum resembles a random pattern, and the movement of

an object in space is equivalent to the phase shift in the frequency domain, making the phase spectrum

equally important.
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Original Image Amplitude Spectrum Phase Spectrum

Figure 1. Centralized spectrogram after frequency domain conversion of SSS image, including

amplitude map and phase map.

The high-frequency components in the frequency domain of the image correspond to the detailed

information of the image, and the low-frequency components of the image correspond to the contour

information of the image. The high-frequency component represents the abrupt part of the signal,

while the low-frequency component determines the overall image of the signal. In the spectrogram,

you can see points with different brightness, where a large brightness proves a large gradient which is

the high-frequency component and a small brightness proves a small gradient at that point which is

the low-frequency component.

3.1.2. construct of MFCAM

The high-frequency components in the frequency domain of the image correspond to the detailed

information of the image. And the low-frequency components of the image correspond to the contour

information of the image. In the task of target detection, the common methods only use low-frequency

information to learn image features. This is a disadvantage when SSS images have less data. In this

case, both channel and spatial attention mechanisms are essential, and additional attention information

from high-frequency components is required. Therefore, based on the CBAM structure [57], we added

attention structures with different frequency ranges as shown in Figure 2 to achieve a more accurate

detection effect of underwater targets.
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Figure 2. The overall structure of the multi-frequency combined attention mechanism, including

channel attention module and spatial attention module.

Multi-frequency channel attention module.

In the attention mechanism of fusing global and local information, the channel attention

mechanism can better fuse the global information to express the overall features of the feature map

in different channels during feature extraction. Based on the existing channel attention mechanism

structure, the frequency domain feature extraction method is added to extract and combine the channel

weights in the high-frequency, low-frequency and other frequency ranges, which can better integrate

the limited feature information.

In the structure shown in the Figure 3, when extracting the channel weights, the original feature

map is converted into the frequency domain, and filtering operations in different frequency ranges are

performed to extract the feature maps of high-frequency, low-frequency and other frequency ranges.

On this basis, the filtered feature map is under the global average pooling, the channel feature weights

of different channels and different frequency ranges are extracted, and then the weights of the three

frequency ranges are added to obtain the final channel feature weights. The one-dimensional channel

weights are multiplied by the original feature map one by one, to obtain the feature map processed by

the multi-frequency channel attention mechanism module, and enter the next module.

Figure 3. The structure of multi-frequency channel attention mechanism, in which information from

high, low, and other frequency ranges is extracted.
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Multi-frequency spatial attention module.

Different from the channel attention mechanism, the spatial attention mechanism adds

corresponding weights to the feature map in a channel according to the set area size to achieve

the effect of extracting local more important feature information in the same space. Based on the

existing spatial attention mechanism structure, and considering the existence of different feature

information in amplitude and phase after frequency domain conversion, according to the different

distribution characteristics of amplitude and phase information, the two are combined to better express

the key feature information in the region. The structure of the multi-frequency spatial attention

mechanism based on FFT is proposed in this section.

In the structure shown in Figure 4, the frequency domain conversion is performed first, and the

amplitude information and phase information are extracted separately. Set the window size of 2*2

or 3*3, and perform maximum pooling and minimum pooling of amplitude information to extract

the characteristic weights of high-frequency and low-frequency ranges. At the same time, the phase

information is under average pooling using the set window size. Multiply the weights with the feature

maps of the original maps to obtain three feature maps with different treatments in the same space.

The two feature maps of amplitude processing are combined and then combined with the feature maps

of phase processing to form the final feature map processed by the multi-frequency spatial attention

mechanism module, thus ending the overall process of the attention mechanism.

Figure 4. The structure of multi-frequency spatial attention mechanism, in which the high-frequency

and low-frequency information in the amplitude, as well as the phase spatial structure information, are

extracted.

3.2. Dual-Domain Feature Pyramid Network

3.2.1. Construct of D2FPN

After the frequency domain conversion of the image, it has high-frequency information that

cannot be perceived by the human eye, which is the characteristic information that is not used in

the current acoustic image target detection method. However, due to the particularity of one-to-one

correspondence between pixels after frequency domain conversion, the high-frequency information of

the image cannot be directly obtained, and the further fusion between time-domain feature information

and high-frequency feature information cannot be carried out directly. At the same time, the use of

high-frequency information alone cannot produce the effect of increasing the target characteristic
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information, and it is extremely difficult to convert the detected targets in the high-frequency into

targets in the time domain.

As shown in Figure 5, the D2FPN proposed in this section converts the frequency domain of the

specific feature map at the feature fusion nodes, and filters it to obtain its high-frequency information,

while other feature maps perform frequency domain conversion, and after the amplitude information

and phase information are fused separately in the frequency domain, it is converted into a time domain

image, so as to complete the multi-feature map fusion. The whole structure is divided into bottom-up

and top-down feature fusion, and large-scale information is fused into small-scale and small-scale

information into large-scale. In this structure, the high-frequency information after frequency domain

conversion is introduced into the original feature map of the bottom-up feature fusion process and the

top-down fusion process.

Figure 5. This is a single-cycle structure of dual-domain pyramid feature network structure, in which

the blue dotted box is the part that needs to extract high-frequency information in the plural state.

The BiFPN structure enhances the global perception of the model, while the D2FPN structure

proposed in this section enhances the high-frequency information perception ability of the detection

model on the basis of the original global perception.
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3.2.2. Structural Detail Flow

Due to the large number of settings and fusions of this structure, the implementation process is

also more complicated. Figure 6 shows the implementation process of a specific code module, which

has the following operation process:

Figure 6. The processing cycle of the dual-domain pyramid revolves around the nodes that need to be

fused.

1) Extract high-frequency information:

The frequency distribution of the uncentralized spectrogram is represented by intermediate

low-frequency and high-frequency around them. Set the high-frequency filtering ratio to 0.15 which

means the amplitude value in the quadrilateral with 0.75 sides and centered on the original image is

set to zero. And then compound the amplitude with the phase information, at this time the value in

the image is under the plural state.

(2) Up and down sampling:

The feature map that needs to be fused is calibrated for size consistency. The output image size of

the set fusion nodes is compared with the input graph. The input image size is downsampled if the size

is greater than the output size, and the upsampling operation is completed by bilinear interpolation if

the input image size is smaller than the output image size. This unifies all image sizes to be fused.

(3) Fusion multi-feature map:

The set image nodes that need to be fused will be converted at the same time after (2) operation,

and the node sequence is shown in Figure 7. The features that need to be extracted from high-frequency

information are operated in (1), and each feature map is in the plural status. The amplitude and phase

information of each feature map are separated, fused separately, and combined into a plural state.

Finally, time domain conversion is carried out to complete the fusion of multiple feature maps.
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Figure 7. The fusion nodes are labeled to clarify the source of the feature map required for fusion when

D2FPN is processing.

(4)Perform multiple repetitions of structures:

After a single structure is completed, multiple cycles can be made to strengthen its global

perception as well as high-frequency perception. The number of loops is set in the training

configuration.

3.3. Dual-Domain Multi-Frequency Network for Detection

Due to the small scale of acoustic image data, and in some cases, the human eye cannot identify

the data quality of the target, the data scale and its quality become the task difficulties that this

section focuses on. This section proposes a dual-domain multi-frequency acoustic image target

detection network model, which adds the multi-frequency combined attention mechanism module

and dual-domain pyramid module to the backbone network of the detection model feature extraction

and the neck structure before the head structure of the detection method.

In addition, the multi-frequency combined attention mechanism is combined with the ResNet

backbone network to emphasize the feature information of the multi-frequency range in the process

of feature extraction. The ResNet backbone network has four feature output layers, and the

multi-frequency combined attention mechanism module will be multi-frequency enhanced in the last

three output feature layers.

The dual-domain pyramid module is used as a separate module after the feature extraction

backbone network to enhance global perception and high-frequency perception.
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3.4. Benchmark Dataset

As introduced in related work, since the number and scale of SSS image datasets currently

disclosed are far less than those of target detection in other fields, we search and use two publicly

available SSS image datasets: SCTD and KLSG for related research. At the same time, method

experiments using these two datasets can prove that our proposed D2MFNet is more robust.

The first dataset, SCTD, is a dataset designed for SSS image target detection tasks, which already

contains the target annotation information required by this model, and does not perform additional

processing for annotation. SCTD contains a total of 357 images in three categories, including 271 ships,

35 humans, and 57 aircraft. The second dataset, KLSG, contains two categories and a total of 447

images, including 395 ships and 62 aircraft, but KLSG is a dataset designed for SSS image classification

tasks and does not have annotated content related to object targets. We used the VOC annotation

format as a standard to annotate the target objects required for the target detection task for KLSG.

Since the SCTD doesn’t have evaluation metrics analysis based on multiple detection methods,

and the original KLSG is a classification task dataset with no such evaluation metrics content,

we put two datasets together for benchmark building and comparison. To establish the datasets

benchmark for general target detection methods comparison and analysis, we choose these famous

one-stage and two-stage general target detection methods with generally better results, such as Faster

R-CNN, Cascade RCNN, Sparse R-CNN, SSD512, Retina Net, YOLOv5, YOLOv7, Deformable DETR,

DAB-DETR, DINO and the D2MFNet we proposed. AP50(Average Precision with Intersection over

Union greater than 50%) and mAP(mean Average Precision) were used as the main evaluation metrics

in this benchmark. And the metrics we use in this section and in the experiment section will be

introduced and detailed in the Evaluation Metrics subsection. The benchmark test results are shown in

Table 1

At the same time, during training the methods for the datasets, we consider that the smaller size

of the dataset, the greater impact on the method training. We also briefly verify this concern in the case

of training with pre-trained parameters and with no pre-trained parameters. The result is that under

training without pre-trained parameters, the AP value of most models will be lower than 0.1%, which

is more difficult to analyze and compare. Therefore, we use pre-trained parameters such as vgg16 and

resnet50 in the one-stage and two-stage methods training to achieve a more visible data comparison

effect.

We don’t use data amplification methods, such as cropping, flipping, Mixup, Cutout, Mosaic, etc.

This is because using data amplification in very small datasets makes the method training process more

prone to overfitting. In fact, such data amplification in a very small data set only makes multiples for a

small number of target feature replications, resulting in a large number of duplicate features. However,

this effect is relatively small in ordinary large datasets and the positive effect of data amplification in

such data sets is far greater than the negative effect.

Moreover, in order to reduce the adverse effect of overfitting on the metrics evaluation, the data

in the table are tested and inferred using the convergent model. And there are multiple versions in the

YOLO series of methods, such as YOLOv5 has four versions of YOLOv5-s, YOLOv5-l, YOLOv5-m,

YOLOv5-x, and YOLOv7 also has five versions of YOLOv7-l, YOLOv7-x, YOLOv7-w, YOLOv7-e,

YOLOv7-d. In the benchmark, basic settings such as YOLOv5-s and YOLOv7-l are used.
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Table 1. The benchmark of SCTD and KLSG with pre-trained methods by using methods carried out

recent years and by using our methods.

KLSG SCTD

Method Year Backbone Input size ship airplane mAP ship airplane human mAP

Faster RCNN [10] 2015 ResNet50 1000, 600 0.432 0.233 0.333 0.497 0.452 0.312 0.420
Cascade RCNN [13] 2018 ResNet50 1000, 600 0.464 0.312 0.388 0.459 0.457 0.433 0.450
Sparse RCNN [58] 2021 ResNet50 1000, 600 0.106 0.091 0.099 0.052 0.033 0.001 0.028
SSD512 [14] 2016 VGG16 512, 0.353 0.006 0.180 0.141 0.000 0.149 0.097
Retina Net [59] 2017 ResNet50 1000, 600 0.126 0.044 0.085 0.047 0.025 0.000 0.024
YOLOv5 [16] 2020 CSPDarknet 512, 0.114 0.101 0.107 0.188 0.030 0.397 0.205
YOLOv7 [17] 2022 YOLOv7 512, 0.138 0.105 0.121 0.115 0.014 0.117 0.082
Deformable DETR [60] 2021 ResNet50 1000, 600 0.257 0.170 0.213 0.214 0.061 0.202 0.159
DAB-DETR [61] 2022 ResNet50 1000, 600 0.051 0.010 0.031 0.214 0.061 0.202 0.159
DINO [62] 2023 ResNet50 1000, 600 0.438 0.079 0.258 0.498 0.124 0.106 0.243

D2MFNet ours ResNet50 1000, 600 0.784 0.418 0.601 0.786 0.675 0.630 0.697

As shown in Table 1, compared with the general object detection methods with better results in

recent years, the D2MFNet proposed in this paper has obvious advantages. There are certain laws of

difference between categories, between datasets, between methods, and between two-pair or three-pair

combinations among them.

(1) Between categories:

It is obvious that the AP50 of the ship category with more data is higher, while the AP50 of the

aircraft and human categories is much smaller. One of the main reasons is that the number of ship

categories is much larger than other categories, and its effective target characteristics are much more.

(2) Between datasets:

In Faster R-CNN, Cascade RCNN, and YOLOv5, the SCTD dataset has better results. The reason

may be that SCTD is an RGB dataset, and its original input channel is 3, which is more in line with

the structure of conventional general target detection methods, including the basic method, Cascade

RCNN, used in this paper. The experimental results in the Benchmark illustrate this point. There is

also the possibility that the categories distribution of SCTD is more reasonable. However, since both

datasets are small-scale datasets, it is not possible to further verify the proportion of this cause in this

phenomenon, and considering the small sample size, cross-validation is not possible, so this possible

problem is ignored. At the same time, it is guessed that the KLSG was generated as an RGB dataset

when it was acquired. When producing SSS images, many SSS equipment manufacturers prefer to

show SSS images in the form of color drawings, which can let the naked eye better distinguish the

target and can better promote their own products. But the SSS images should be grayscale images, and

it was converted into a grayscale image when the dataset was made. The process of changing from a

monochromatic image to a multi-layer image and then to a monochromatic image will result in poor

dataset quality.

(3) Between methods:

The overall mAP of the one-stage methods is lower than that of the two-stage methods. It is

mainly because the one-stage methods do not produce candidate regions, they directly perform the

class probability and position coordinate value operation of the object, so the final detection result can

be directly obtained after a single detection. The one-stage methods have a faster detection speed, but

the accuracy rate is worse than the two-stage methods. However, due to the small amount of data, the

one-stage methods do not have an advantage in speed in the experiments in this paper. What’s more,

poor methods such as Sparse R-CNN may be designed based on large-scale data to ensure accuracy

while reducing training parameters and time, and the experimental results are also in line with our

expectations, which are most likely due to data scale and category distribution.

These are all possible factors that affect the method training results.
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4. Experiment

4.1. Implementation Details

We built D2MFNet based on the MMDetection open-source framework version 2.28.1. The

environment used for model training and testing is ubuntu20.04 system, the hardware conditions are

Intel(R) Xeon(R) Gold 6130 CPU and NVIDIA V100-32GB GPU, and the programming environment is

Python 3.8, Pytorch 1.11.0, CUDA 11.3.

4.2. Evaluation Metrics

Based on the general target detection evaluation index [19] when training VOC datasets [39], we

effectively evaluate our proposed method and compare it with the existing state-of-the-art method.

Intersection over Union (IoU) can be understood as the degree of coincidence between the

bounding box and the ground truth. The calculation method is the intersection of the detection result

and the ground truth than their union:

IoU =
BoundingBox ∩ GroundTruth

BoundingBox ∪ GroundTruth
, (3)

where BoundingBox is the box predicted by the method, and GroundTruth is the box marked in the

original picture.

Recall and precision are used to evaluate the effectiveness of target detection methods. The

formula is as follows:

Precision =
TP

TP + FP
, (4)

where TP means True Positive which represents the number of positive samples that are recognized

as positive samples, and FP means False Positive which represents the number of negative samples

that are incorrectly identified as positive samples. Precision is the percentage of True positives in the

identified image.

Recall =
TP

TP + FN
, (5)

where FN means False Positive which represents the amount of positive sample that is incorrectly

identified as a negative sample. Recall is the proportion of all positive samples in the test set that are

correctly identified as positive.

Typically, the Precision-recall (PR) curve or receiver operating characteristic (ROC) curve is used

for visual analysis of model effects. The PR curve uses Precision, so both indicators of the PR curve

focus on positive examples. The SSS image dataset used in this paper belongs to the category imbalance

problem, which is mainly concerned with positive cases, so the PR curve is widely considered to be

better than the ROC curve in this case.

The process of calculating and plotting the Precision-recall curve is as follows: changing the

recognition threshold so that the system can identify the first K images in turn, and the change in the

threshold will also cause the Precision and Recall values to change, to obtain the curve.

Average Precision (AP) is the area below the PR curve, and generally speaking, the better a

classifier, the higher the AP value:

AP =
1

N

N

∑
i=1

Pi · ∆Ri, (6)

where N represents the number of classes, Pi represents the Precision when the abscissa is Ri on the

precision-recall curve of class i, ∆Ri represents the change in the recall value of the class i from Ri − 1

to Ri.
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The mean Average Precision (mAP) is the average of APs in multiple categories. The size of mAP

must be in the [0,1]. This indicator is one of the most important of the target detection methods.

4.3. Comparison with State-of-the-art Methods

Including the proposed multiple frequencies combined channel spatial combination attention

mechanism module and the frequency domain-time domain dual-domain feature pyramid and

the detection model of dual-domain multi-frequency acoustic image target detection network is

constructed based on the Cascade RCNN framework.

4.3.1. MFCAM Implementation

The experiment was analyzed from three aspects: different datasets, different categories and

different methods. And the experiment does not use dataset enhancement methods to amplify the

dataset. The experimental results are shown in Table 2.

Table 2. Experimental results of multi-frequency attention mechanism in KLSG and SCTD datasets

compare with that of CBAM and no attention mechanism.

Method Module Dataset mAP ship aircraft human

Cascade RCNN -
KLSG 0.388 0.464 0.312 -
SCTD 0.450 0.459 0.457 0.433

Cascade RCNN CBAM
KLSG 0.429 0.540 0.317 -
SCTD 0.501 0.701 0.478 0.325

Cascade RCNN MFCAM
KLSG 0.598 0.803 0.393 -
SCTD 0.656 0.719 0.600 0.649

As shown in Table 2, there is a significant improvement in average category accuracy overall. In

the module that does not apply to the attention mechanism, the mAP is 0.388, which is lower than

that of 0.429 and 0.598 in the CBAM and MFCAM experiments using the attention mechanism. In

terms of the target detection recognition rate of aircraft, ships and humans, it is also better to use

the attention mechanism. and even in some target detection, the method of not using the attention

mechanism has false alarms. In the detection experiments of CBAM and MFCAM, it is obvious that

MFCAM has a higher mAP and sample recognition rate. In the dataset SCTD, MFCAM presents the

same experimental results. Therefore, the comparative experiments of different methods on different

datasets show that the multi-frequency channel and spatial attention mechanism proposed in this

section can significantly improve the target detection effect of Cascade-RCNN.

Table 2 still has some phenomena different from the above rules, which can be divided into two

aspects of data set differences and category differences:

(1) Dataset differences:

Compared with the precision differences of each category in KLSG, the accuracy difference

between SCTD samples is smaller, which is most likely due to the fact that SCTD takes into account

the distribution of samples when the dataset is made, and KLSG as a classification task dataset does

not explore this aspect, so this phenomenon is caused.

(2) Category differences:

The precision difference between different categories is also more significant, and the precision of

the ship category is significantly higher than that of aircraft and humans. This phenomenon is largely

due to the uneven distribution of class samples, and because aircraft targets and ships are more similar

in the wreckage, more target misdetection samples will be generated.

In order to further analyze the model detection effect of different modules, the Precision-Recall

(PR) curve is used to show the effect of the analysis model. The PR curve is shown in Figure 8.
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(a) KLSG with no attention

mechanism

(b) KLSG with CBAM (c) KLSG with MFCAM

(d) SCTD with no attention

mechanism

(e) SCTD with CBAM (f) SCTD with MFCAM

Figure 8. The PR curve of detection effect with attention mechanism. (a) is the curve of using the

KLSG dataset without attention mechanism, (b) is the curve of using the KLSG dataset with the CBAM

method, (c) is the curve of using the KLSG dataset with the multi-frequency combined attention

mechanism, (d) is the curve of using SCTD dataset without attention mechanism, (e) is the curve of

using the SCTD dataset with the CBAM method, (f) is the curve of using the SCTD dataset with the

multi-frequency combined attention mechanism.

In Figure 8, it can be seen that the resulting law is consistent with Table 2, and the three model

state experiments in which different categories in the same dataset do not use the attention mechanism,

the CBAM method and the MFCAM method are gradually improved. At the same time, due to the

small number of data samples, the curve fluctuates greatly, forming a jagged curve. However, the

PR curve of the human class did not improve the accuracy with the change of attention mechanism,

because the amount of data was too small and much smaller than the other two categories, resulting in

unbalanced samples and low stability in classes.
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4.3.2. D2FPN Implementation

Compared with the traditional feature pyramid network and BiFPN, the dual-domain feature

pyramid network is improved in multi-scale feature fusion, so this section designs different methods

and comparative experiments between different datasets to verify the detection effect of the proposed

method. The experimental setup is the same as in the section above, and the experimental results

are the average precision of the model convergence point. The experiment was analyzed from three

aspects: different datasets, different categories and different modules. The experimental results are

shown in Table 3.

Table 3. Experimental results of dual-domain feature pyramids in KLSG and SCTD datasets compare

with that of FPN and BiFPN.

Method Module Dataset mAP ship aircraft human

Cascade RCNN FPN
KLSG 0.388 0.464 0.312 -
SCTD 0.450 0.459 0.457 0.433

Cascade RCNN BiFPN
KLSG 0.350 0.590 0.111 -
SCTD 0.391 0.546 0.325 0.303

Cascade RCNN D2FPN
KLSG 0.434 0.565 0.302 -
SCTD 0.489 0.631 0.315 0.520

In the two different datasets, the effect of BiFPN is within 0.1 different from that of the experiment

without module addition, and the effect of using it alone is poor. D2FPN shows a better target detection

effect in SCTD dataset. From the analysis of the mAP results, it is clear that Cascade RCNN without

using any modules performs better than BiFPN and is inferior to the D2FPN module proposed in this

section. In ship detection, the performance of the KLSG and SCTD datasets is basically comparable. For

different methods, the detection precision of the D2FPN module proposed in this paper is higher than

that of BiFPN, and the precision of BiFPN is higher than that of Cascade RCNN without any modules.

In aircraft detection, although the detection precision of the three different experimental setups is not

high, the D2FPN is comparable to the BiFPN precision and higher than that of the Cascade RCNN. In

human detection, KLSG has no experimental results because it does not contain such a class in the

dataset, and the precision of D2FPN detection is better than that of Cascade RCNN, and BiFPN has the

worst precision. According to the overall experimental results, the proposed D2FPN method can be

adapted to the complex detection tasks of a variety of targets and has a great improvement compared

with the feature pyramid network method at this stage.

Figure 9 shows the consistent result law in Table 3, in the same data set of different categories in

the three model state experiments using FPN, BiFPN and the dual-domain feature pyramid network

proposed in this paper. BiFPN has not improved, while the dual-domain feature pyramid network has

been improved.
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(a) KLSG with FPN. (b) KLSG with BiFPN. (c) KLSG with D2FPN.

(d) SCTD with FPN. (e) SCTD with BiFPN. (f) SCTD with D2FPN.

Figure 9. The PR curve of detection effect with feature pyramid network. (a) is the curve of using the

KLSG dataset without using special FPN, (b) is the curve of using the KLSG dataset with the BiFPN

method, (c) is the curve of using the KLSG dataset with the dual-domain feature pyramid network, (d)

is the curve of using the SCTD dataset without using special FPN, (e) is the curve of using the SCTD

dataset with the BiFPN method, (f) is the curve of using the SCTD dataset with the dual-domain feature

pyramid network.

4.4. Ablation Study

The dual-domain multi-frequency feature fusion target detection method includes the

multi-frequency fusion attention mechanism and the dual-domain feature pyramid network. When

there are multiple modules in a method that can be independent of each other, the impact of the

interaction between a single module and multiple modules on the method results can be tested

separately, which can better adjust the model as a whole. This section sets up an ablation experiment,

as shown in Table 4, to verify that each module contributes to the improvement of model accuracy.
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Table 4. The index evaluation of the multi-frequency combined attention mechanism and the

dual-domain feature pyramid network is carried out under the two datasets of KLSG and SCTD.

Method AM Module FPN Module Dataset mAP ship aircraft human

Cascade RCNN

- - KLSG 0.388 0.464 0.312 -
- - SCTD 0.450 0.459 0.457 0.433

MFCAM - KLSG 0.598 0.803 0.393 -
MFCAM - SCTD 0.656 0.719 0.600 0.649

- D2FPN KLSG 0.434 0.565 0.302 -
- D2FPN SCTD 0.489 0.631 0.315 0.520

MFCAM D2FPN KLSG 0.601 0.784 0.418 -
MFCAM D2FPN SCTD 0.697 0.786 0.675 0.630

Although the effect of D2FPN is slightly inferior to MFCAM on both datasets, when D2MFNet

combines the two modules, its effect does not contradict, but still improves on the basis of MFCAM,

which uses the best effect in a single module. The table is sufficient to prove that the MFCAM,

D2FPN, and D2MFNet proposed in this paper have good performance in the SSS dataset without data

augmentation.

5. Conclusion

This paper mainly comes from the environmental recognition task in underwater scenes, and the

optical imaging methods that can be used in shallow seas but cannot be used in both medium and

deep seas. As a result, the use of sonar images for underwater target detection tasks has become the

main choice of scholars. However, the number of publicly available underwater SSS image datasets is

small, and sea trials are more difficult in a short period of time.

On this basis, in order to obtain more feature information expression from SSS images, we use

the method of frequency analysis to mine the depth features in a small number of image data in the

frequency domain. Considering that the frequency characteristics of different ranges in the frequency

domain are also different, we apply unique attention weights to different frequency ranges, named

MFCAM, to achieve the effect of further mining information. At the same time, the D2MFNet proposed

in this paper concludes a dual-domain feature pyramid network that combines domain transformation

and features, named D2FPN, which solves the problem that the frequency domain conversion cannot

correspond to the pixel position of the original image. The experimental results showed that these two

modules work effectively both using alone or together, and our methods are state-of-the-art. Therefore,

our results have practical implications for related research. In addition, we collected and processed

some publicly available data and provided a benchmark for other scholars to refer to.

Our work doesn’t change the backbone of the detection method which can make us dig for more

information on the feature expression. In the next step, we will continue to carry out relevant work

research on the basis of this article.
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