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Abstract: Modern underwater object detection methods recognize objects from sonar data based on their geometric shapes.
However, the distortion of objects during data acquisition and representation is seldom considered. In this paper, we present a
detailed summary of representations for sonar data and a concrete analysis of the geometric characteristics of different data
representations. Based on this, a feature fusion framework is proposed to fully use the intensity features extracted from the polar
image representation and the geometric features learned from the point cloud representation of sonar data. Three feature fusion
strategies are presented to investigate the impact of feature fusion on different components of the detection pipeline. In addition,
the fusion strategies can be easily integrated into other detectors, such as the You Only Look Once (YOLO) series. The
effectiveness of our proposed framework and feature fusion strategies is demonstrated on a public sonar dataset captured in real-world
underwater environments. Experimental results show that our method benefits both the region proposal and the object classification

modules in the detectors.
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1 Introduction

Oceans cover more than 70% of the Earth with
abundant natural resources that can be used by hu-
mans. To explore the unknown secrets of oceans and
facilitate the development of marine resources, many
researchers have focused on the study of underwater
object detection algorithms and computer vision tech-
nology (Zhou et al., 2022a). Underwater object detec-
tion plays a major role in marine fields, such as the
fishing industry and military (Zhou et al., 2022b).
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Sonar (sound navigation and ranging) is a technique
that uses sound propagation to measure distance. It
is insensitive to illumination changes and is especially
suitable for object detection in harsh underwater envi-
ronments. Therefore, many studies have focused on
underwater object detection with sonar data.

Recently, a number of deep models have been
proposed to improve the accuracy of underwater ob-
ject detection with sonar data. Pu et al. (2021) pro-
posed a scene-adaptive-evolution unsupervised video
object detection algorithm based on the object group
concept. It consists of a prototype dictionary genera-
tion strategy and a graph-based group information
propagation strategy for mining positive samples from
the unlabeled new scene dataset. Finally, the new posi-
tive samples with pseudo-labels act as the training data
to fine-tune the detection model for detecting the new
scene. Tian et al. (2022) proposed a garbage detection
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method based on modified You Only Look Once v4
(YOLOvV4), allowing high-speed and high-precision
object detection. It converts the original YOLOv4
(Bochkovskiy et al., 2020) to four-scale YOLOv4 and
then performs model pruning on four-scale YOLOV4.
The detection speed is up to 66.67 frames/s with a
mean average precision (mAP) of 95.10% on the sonar
object detection dataset provided by the 2021 China
Underwater Robot Professional Contest. A marine
target detection method (Chen XL et al., 2022) based
on the Marine-Faster region-based convolutional neu-
ral network (R-CNN) algorithm was proposed in the
case of complex background and target characteristics.
To improve the accuracy of detecting marine targets
and reduce the false alarm rate, Faster R-CNN was
optimized as the Marine-Faster R-CNN in five re-
spects: new backbone network, anchor size, dense
target detection, data sample balance, and scale nor-
malization. Ben Tamou et al. (2021) proposed two new
fusion approaches that exploit two convolutional neural
network (CNN) streams to merge both appearance
and motion information for automatic fish detection.
When training a deep model, existing sonar datasets
are relatively small. Three data augmentation methods
(Huang et al., 2019) are dedicated to underwater im-
aging, including the inverse process of underwater
image restoration, perspective transformation, and il-
lumination synthesis.

However, existing methods have focused mainly
on improving the model structure and training proce-
dure. The influence of sonar data representation on

(b)

the detection results has seldom been investigated.
Thus, we first introduce three representations of sonar
data in this paper, including polar image, Cartesian
image, and point cloud, as shown in Fig. 1. In the
polar image representation, it can be seen that the
shape of the cylinder in the image changes, and the
angle of the cube is stretched from the right angle
to a sharp angle, while the angles of the cube in the
Cartesian image and point cloud representations re-
main right. Geometric distortion is caused by using
different data representations. Motivated by this ob-
servation, we demonstrate that the representation of
sonar data does have a great influence on object de-
tection results.

This paper focuses on how sonar data represen-
tation affects object detection results and attempts to
find a solution to fuse features from different repre-
sentations to improve the accuracy of detection re-
sults. To this end, a detailed summary of three repre-
sentations of sonar data is presented. Theoretical and
experimental comparisons among different represen-
tations are given as well. Two kinds of distortion in
sonar data are discussed, including projection distor-
tion and representation distortion. The first is unre-
coverable due to the limitation of sonar sensors, while
the second is introduced by data representations.

Our main contributions are summarized as follows:

1. We present a detailed summary of the acquisi-
tion and representations of sonar data and a concrete
analysis of the geometric features of different data
representations for underwater object detection.

Fig. 1 Three representations of the same sonar data: (a) polar image; (b) Cartesian image; (c) point cloud
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2. We propose a feature fusion framework with
different sonar data representations for underwater
object detection. Our framework fuses the intensity
features extracted from the distorted polar image rep-
resentation and the undistorted geometric features ex-
tracted from the recovered point cloud representation
to improve the accuracy of the detection results. In
addition, our feature fusion strategies can be easily inte-
grated into the state-of-the-art detectors.

3. We conduct a series of experiments on a pub-
lic sonar dataset to demonstrate the effectiveness of our
framework. Three feature fusion strategies are tested
to investigate the effect of feature fusion on different
components of the detection pipeline.

2 Related works

Many studies in the field of object detection
have been published in recent years, which laid the
foundation of our research. This section will focus on
deep-learning-based object detection research, espe-
cially the methods for underwater object detection
with sonar data.

2.1 Object detection based on deep learning

Current deep-learning-based object detectors can
be divided into two categories: two-stage detection
frameworks and one-stage detection frameworks. Two-
stage detection frameworks, also known as the region-
based methods (Girshick et al., 2016), include R-CNN
(Girshick et al., 2014), Fast R-CNN (Girshick, 2015),
Faster R-CNN (Ren et al., 2015), sparse R-CNN (Sun
et al., 2021), and dynamic R-CNN (Zhang et al., 2020).
These methods divide the detectors into two parts:
region proposal and object classification. One-stage
detection methods can directly obtain predictions with-
out a region proposal stage, which is also known as the
region-free technique, such as YOLO series algorithms
(Redmon et al., 2016; Redmon and Farhadi, 2018; Ge
et al., 2021), Task-aligned One-stage Object Detection
(TOOD) (Feng et al., 2021), and Disentangle Dense
Object Detector (DDOD) (Chen ZH et al., 2021).

To enhance the feature extraction ability for
multiscale object detection, Lin et al. (2017) proposed
feature pyramid networks (FPNs), which are used to
fuse low-resolution high-level and high-resolution

low-level semantic information features. It achieves
significant improvements over several strong baselines.
Neural Architecture Search (NAS)-FPN (Ghiasi et al.,
2019) seeks an effective feature fusion mode in FPN
and refines features through repeated superposition.
The merging cell proposed by Ghiasi et al. (2019) is
used to generate the new feature map as the input layer
in subnetworks. To extract important features, Yang
et al. (2021) proposed a module based on the FPN
structure with parallel feature fusion named PFF-FPN.
PFF-FPN uses three different FPNs to extract fea-
tures and fuses the corresponding layer features to re-
inforce the focused layer feature information. Due to
feature redundancy, ambiguity, and inaccuracy on small
targets, Liu and Cheng (2021) proposed the spatial re-
finement model (SRM)-FPN feature fusion method,
which can effectively improve the detection effect of
small targets in the image. Specifically, SRM is used
to learn the localization information of feature points
according to the context features between adjacent
layers and content. Moreover, it uses the adaptive
channel merging method of the attention mechanism
to optimize feature fusion.

2.2 Underwater object detection with sonar data

Forward-looking sonar can provide high-
resolution images that can be used for different tasks
in underwater environments. To improve the accuracy
of object detection on sonar images and solve the
problems raised by the complex and changeable under-
water environment, several deep-learning-based ap-
proaches have been proposed. CNN is used for ob-
ject recognition on forward-looking sonar images
(Valdenegro-Toro, 2016). It shows that CNNs can pro-
vide better performance while keeping a low parame-
ter count. Kim and Yu (2016) applied CNN to an agent
vehicle system to enhance underwater manipulation.
The method uses the sonar images of a moving agent
obtained by forward-looking sonar as input. The
YOLO detector is applied to detect the location of the
agent in the sonar images. Song et al. (2021) presented
an automatic real-time object detection method based
on a self-cascade convolutional neural network (SC-
CNN). It is superior to typical CNN and unsupervised
methods. SC-CNN is used for high-accuracy side-scan
sonar (SSS) image segmentation, which is robust to
speckle noise and intensity inhomogeneity. Moreover,
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the segmentation results of the SC-CNN are used to
initialize the Markov random filed (MRF) to obtain
the final segmentation maps. Deep learning has shown
excellent performance in image feature extraction and
has been extensively used in image object detection
and instance segmentation. These methods use only
the direct output of sonar sensors (polar image) as
input, which is low resolution and distorted. There-
fore, the shape of the same object projected on differ-
ent images is not fixed. It can cause a decrease in de-
tection accuracy.

Recently, a feature fusion algorithm for under-
water sonar image object detection has been proposed
and has become a trend for improving the accuracy
of object detection. For sonar datasets with small ef-
fective samples and low signal-to-noise ratios (SNRs),
an improved YOLOV3 algorithm for real-time detec-
tion called YOLOv3-DPFIN was proposed (Kong
et al., 2020). It not only conducts efficient feature ex-
traction via the dual-path network (DPN) module
and the fusion transition module, but also adopts a
dense connection method to improve multiscale predic-
tion. It can complete precise object classification and
localization. With the deepening of the network, it in-
creases the number of parameters. The large number
of parameters will make model training difficult, in-
crease the computational complexity, and lead to over-
fitting. To accurately and quickly segment different
targets in a sonar image, Wang et al. (2022) proposed
a multichannel fusion convolutional neural network
(MCF-CNN). MCF-CNNs use a deep separable re-
sidual module to extract multiscale features and the
multichannel fusion operation to enhance feature rep-
resentation on different scales. However, repetitive fea-
ture fusion operations at different stages can increase
the number of calculations and parameters.

Existing methods focus mainly on improving the
model structure and training procedure. The influence
of sonar data representation on the detection results
has seldom been investigated. The polar image of
sonar data is low resolution and distorted during sonar
imaging. Many methods commit mainly to work
on multiscale feature fusion and multichannel fusion
operations to enhance feature representation. In this
paper, to reduce the influence of object distortion in
sonar data, we first transform the raw sonar data in a
polar coordinate system into a Cartesian coordinate

system. Then, the point cloud representation of sonar
data can be easily generated by the Cartesian image.
Our proposed fusion strategies fuse mainly the in-
tensity features (extracted from the distorted polar
image representation) and the geometric features (ex-
tracted from the recovered point cloud representa-
tion) at different components. The fusion features
fused by using our proposed strategies can include
more details of different sonar data representations.
Fusing these features can fully use the advantages of
both representations to overcome the distortion in a
single representation.

3 Acquisition and representation of sonar data

3.1 Acquisition of sonar data

Sonar is a technique that can be widely used for
underwater environment perception. It sends out an
acoustic pulse in water and measures distances in terms
of the time for the echo of the pulse to return. The re-
sulting sonar data consist of distances, azimuth angles,
elevation angles, intensities, and spectra of acoustic
signals reflected by objects. Sonars include mainly
forward-looking sonars, side-scan sonars, and synthe-
tic aperture sonars according to the measuring strategy.
In addition, forward-looking sonars, which are famous
for multifrequency, low energy consumption, and small
size, can be divided into single-beam forward-looking
sonar and multibeam forward-looking sonar in terms of
the number of beams radiated at the same time.

In Fig. 2, the measurement processing of a
forward-looking sonar is presented. The sonar sends
out a bunch of beams that are similar to scanlines to
measure the visible area. The radiated acoustic pulses
will bounce back when they encounter objects, and
then after a period of time, the sonar will detect the
beam reflection. The distance between the object and
the sonar is accurately calculated by the product of
the time from radiating to receiving and the known
speed of beams in water. By establishing the coordi-
nate system with the location of the sonar as the ori-
gin, it is clear to know the location of the object while
knowing the distance between the two points. The
raw sonar image depicting the edge outline of the ob-
ject is created by innumerable beam reflections that
are projected into the sonar.
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Fig. 2 Sonar data acquisition
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The visible area is defined by the minimum and
maximum ranges r,;, and 7, , the maximum azimuth
angle 6., and the maximum elevation angle ¢, . As-
suming Q is a measurement point in three-dimensional
(3D) spaces with polar coordinates (7, 8, ¢), the rela-
tionship between its polar coordinates and Cartesian
coordinates (x, y, z) can be formulated as Eq. (1). The
polar coordinates of a sonar measurement point can be
calculated when its Cartesian coordinates are provided,
and vice versa.

However, the elevation angle ¢ of a sonar mea-
surement point is unsensible due to the limitation of
sonar devices. As a result, 3D measurement points are
projected onto a two-dimensional (2D) plane, and the
acquired sonar data are restricted to 2D points rather
than real 3D points. Cartesian coordinates of the ac-
quired sonar data are calculated as follows:

P lix:} _ |:I”C(.)S (9] 2
y rsin @

This projection will lead to unrecoverable geo-
metric distortion, as shown in Fig. 2. 0 is a 3D mea-
surement point. The orthographic projection point of
O onto the 2D plane is P. However, due to the lack of
the elevation angle, the real acquired point is P’, where
the distance of OP' equals that of OQ. Many geomet-
ric details of the point cloud representation have al-
ready been lost when 3D points are projected onto a
plane, but this additional distortion will worsen the

observed geometric characteristics of objects in sonar
data.

3.2 Representations of sonar data

This subsection will introduce three kinds of
sonar data representations, including polar image, Car-
tesian image, and point cloud. Analyses of the geo-
metric characteristics of different data representations
are also given.

Polar images are a direct representation of sonar
data. Two coordinate axes in a polar image corre-
spond to the » and 6 axes of the polar coordinate sys-
tem in 3D scanning spaces. The value of each pixel rep-
resents the sonar signal at each scanning point. The re-
lationship and pixel value can be calculated as Eq. (3),
where Image (7, /) represents the pixel value with co-
ordinates (i, j) in the polar image, valueAt,, (i7 .. jO.)
represents the sonar signal value at the scanning point
with the polar coordinate (ir.,, jO..), and r,, and 0,
are the resolutions of the distance and azimuth angle,
respectively. For example, assuming that the resolu-
tion of the scanning distance is 10 cm and the resolu-
tion of the azimuth angle is 0.1°, the value of pixel
(20, 30) in a polar image is the sonar signal value of
the scanning point with polar coordinates (2 m, 3°).

Imagepolar(iﬂ .]) = ValueAtpolar(irres5 jarcs) N (3)

Cartesian images use the real-world coordinate
system of the projection plane to form the image plane.
During Cartesian image generation, raw sonar data in
the polar coordinate system are first transformed into
the Cartesian coordinate system. Since the elevation
angle of each scanning point cannot be measured, the
transformed point has only two axes’ values. Then, a
resolution is selected manually to perform pixeliza-
tion. For example, if the spatial resolution is set to
1 cm?, then a pixel in the resulting Cartesian image
corresponds to a 1-cm” area in the projection plane.
Finally, the mean sonar signal of each small area is
set to be the pixel value in the Cartesian image.

.o\ Ty =1
Imagecartesian(l’ ]) = mean (Valuelncartesian(lxres7 ]yres) ) s

“

where Image (i, j) represents the pixel value at

cartesian
(@, ) in the Cartesian image and valueln,, . ..(iX e V' es)
represents the sonar signal value of the point whose

Cartesian coordinates are (ix’ ., j)'...)-
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Point clouds have been never used as the above
two representations in the domain of sonar data
processing; therefore, the use of point clouds in this
paper is innovative. The point cloud representation of
sonar data can be easily obtained by transforming raw
polar-coordinate sonar data into Cartesian-coordinate
sonar data. However, the 3D point cloud representa-
tion of sonar data cannot be generated due to the lack
of ¢ (angle of pitch) in the original data. Therefore,
this paper uses an Nx2 matrix to represent the 2D co-
ordinates of N points transformed from the polar coor-
dinate system. Only the points with a sonar signal grea-
ter than a threshold are restored in the matrix; other
points are considered as background and ignored.

Point(i) = (xl.',y,.’). (5)

Analyses: (1) Polar images are the direct out-
puts of sonar sensors, requiring no further data trans-
formation. Bounding boxes are easily defined along
each scanline. However, there is a clear geometric
distortion when using polar image representation. It
can be observed from Figs. 1 and 3. This distortion is
caused by using the 2D polar coordinate system of
the projection plane to form coordinates in an image
frame. This representation distortion will lead to un-
stable geometric characteristics of the same object in
a polar image and may affect the identification of the
object class. (2) There is no additional representation
distortion in the Cartesian image representation and
the point cloud representation since these two repre-
sentations use the real-world coordinate system of
the projection plane. According to that, we can infer
that object classification with these two representa-
tions would be much easier than that in polar images.
(3) During the generation of Cartesian images, a spatial
resolution must be selected manually. This resolution
also affects the performance of object detection. A larger
resolution results in a smaller Cartesian image; thus,
more geometric details are lost. A smaller resolution

Scan plane Polar image plane
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Fig. 3 Representation distortion in a polar image

can not only restore more details but also result in a
larger image size, which will slow down the detec-
tion pipeline. (4) The ground truth bounding box of
the point cloud representation is harder to label than
that in polar and Cartesian image representations,
which makes training a 3D detector more difficult.
Further experimental results and analyses on differ-
ent representations are given in Section 5.

4 Approach

4.1 Overview

Based on the above analyses, we present a frame-
work to fuse features from polar image and point
cloud representations of sonar data for object detec-
tion. Fusing these features can fully use the advantages
of both polar image and point cloud representations
to overcome the distortion in a single representation.
The structure of our framework is shown in Fig. 4.
Faster R-CNN is selected as the baseline structure
since it is a typical two-stage detector, in which the ef-
fect of feature fusion on different components of the
whole pipeline can be clearly investigated. However,
our framework is not limited to this two-stage detector.
The feature fusion strategies can be easily integrated
into other detectors, such as the YOLO series.

The baseline structure uses ResNet-50 for fea-
ture extraction from the polar image, FPN to fuse fea-
tures at different scales, the region proposal network
(RPN) to generate object proposals, and the region of
interest (ROI) pooling and ROI head of the R-CNN
component to detect the location and class of each
candidate box. Moreover, features extracted from the
point cloud representation of the raw sonar data are
used for detection. We present three strategies to fuse
point cloud features: input fusion, fusing before RPN
(RPN fusion), and fusing before the ROI pooling and
ROI head of the R-CNN (R-CNN fusion). By these
feature fusions, we want to use point cloud features
to overcome the distortion in the polar image.

4.2 Point cloud generation and filtering

Egs. (1) and (2) are used to calculate the Carte-
sian coordinates of each scanning point. The result-
ing point cloud is stored in an Nx2 matrix, where N
is the total number of scanning points. Each element
in the matrix is defined as the sonar signal value at
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Fig. 4 Structure of our feature fusion framework for object detection of sonar data

the corresponding scanning point. If there is an obsta-
cle at the scanning point, then the sonar signal is
close to the maximum value, and the scanning point
is considered occupied; otherwise, the signal is close
to the minimum value, and the scanning point is con-
sidered unoccupied.

Unoccupied scanning points correspond to free
space, and are useless for object detection. Therefore,
preprocessing is introduced to filter out these back-
ground points. It can be observed that the number of
occupied scanning points is relatively small, and the
difference in average signal values between occupied
and unoccupied points is relatively large. Therefore, it
can be formulated as an image binarization problem.
The Otsu method (Otsu, 1979) is adopted to calcu-
late a proper threshold for sonar signals. Then, only
points with a signal value larger than the threshold are
kept (Eq. (6)). In this way, the unoccupied scanning
area is filtered out from the point cloud. This helps
to reduce the number of points, which is the input
to the remaining detection pipeline.

Pcﬁltered =
Point (i), if valueAt,,(x/,y]) > threshold, ©)
(0,0), otherwise.

4.3 Feature extraction

ResNet-50 and FPN are used to extract features
at different scales from the polar image, as shown in

Egs. (7) and (8). For feature extraction of a set of point
clouds, various 3D deep models, such as PointNet
(Charles et al., 2017), can be adopted by simply
reducing 3D input points to 2D points. However,
when using these simplified deep models, those ex-
tracted features may not be easily fused to polar image
features due to the lack of correspondence between
the two representation features. Thus, in this paper,
a similar feature extraction model is used as the po-
lar image instead. The point cloud is stored in a Wx
H*2 matrix, where W and H are the width and height
of the polar image, respectively. Two values of each
element in the matrix are (1) Cartesian coordinates
of the corresponding scanning point if the point is
occupied and (2) set to be (0, 0) otherwise. In this
way, the polar image and point cloud have the same
input shape except for the input channels. Therefore,
a separate ResNet-50 with a two-channel input and
FPN structure is used to extract features from a set of
point clouds.

fimge = FPN(ResNet (Image) ),
J(poiutcloud = FPN'( ReSNet,(PCﬁltered )) .

(7
(®)

4.4 Feature fusion strategies

Three strategies to fuse features from polar image
and point cloud representations of sonar data are pre-
sented, including input fusion, fusing before RPN
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(RPN fusion), and fusing before the ROI pooling and
ROI head of the R-CNN (R-CNN fusion). Details of
each strategy are described as follows.

Input fusion is a data-level fusion strategy. The
polar image representation is a gray image in general.
Each pixel in a polar image has only one channel,
where the value is the intensity of the reflected sonar
signal. In point cloud representation, as mentioned in
the previous part, a WxHx2 matrix is used to store
the Cartesian coordinates of each sonar point. In this
way, polar image and point cloud representations
share the same spatial size except for the number of
channels. Thus, the input fusion strategy fuses the
input data by directly concatenating these two matri-
ces along the third dimension (Eq. (9)). The result is
a WxHx3 matrix, where each element forms (x, y, /),
including the 2D Cartesian coordinates (x, y) of a
measurement point and the intensity / of the corre-
sponding sonar signal. The input fusion strategy is a
simple and straightforward way to fuse features from
different data representations. The fused data will be
used as inputs to a detector. Features are learned from
the fused data and affect the whole detection pipeline.

Input = concatenate (Image .., gay> PCoierea) - (9)

RPN fusion is a strategy that fuses features from
polar image and point cloud representations before
RPN. It can be formulated as Eq. (10). In this strategy,
the intensity features are extracted from the polar
image representation, and the geometric features are
extracted from the point cloud representation. Then,
the intensity features and the geometric features
are fused and fed into the RPN components, which
are used for region proposal generation. Next, the
features mapped from the RPN components are fed
into the ROI pooling and ROI head of the R-CNN for
classification and regression tasks. Therefore, this fu-
sion strategy affects the generation of region proposals
and final predictions of object classes and bounding
boxes. Using separate feature learning models for dif-
ferent data representations decouples the entire fea-
ture fusion framework, helping to increase the scal-
ability of the proposed method. This strategy investi-
gates the impact of intensity—geometric feature fusion
on both region proposals and object predictions.

(10)

fRPN = concatenate (f;mage’ f;yointcloud) .

R-CNN fusion is a strategy that fuses features
from polar image and point cloud representations be-
fore the ROI pooling and ROI head of the R-CNN
component. Fused features are used only for object
classification and bounding box prediction in R-CNN.
Region proposals are generated based on the intensity
features extracted from the polar image representation.
This strategy is motivated by the observation that the
representation distortion in a polar image does damage
the stability of geometric characteristics of the same ob-
ject but does not change its boundary. Using the inten-
sity features extracted from the polar image is able to
predict candidate object regions. Those geometric fea-
tures learned from the undistorted point cloud are fused
and fed into the R-CNN to provide more stable geomet-
ric features of different objects and help to make a bet-
ter object classification. It can be formulated as follows:

Jronn = concatenate ( finages Spoimetoua) - (11)

Common feature fusion operations include con-
catenation and add operations. The concatenation op-
eration merges the input matrix along the feature di-
mension. The number of feature dimensions increases,
while the feature information of each dimension does
not change. This operation will not cause any loss
of input feature information. The feature fused by
the concatenation operation may improve the accuracy
of object detection, but this operation will lead to an
increase in parameters and computations. The add op-
eration is an elementwise add operation on the fea-
tures of each dimension without changing the number
of dimensions. It requires inputs to share the same
shape. After the add operation, the feature informa-
tion of each dimension increases. However, the origi-
nal features from different inputs cannot be distin-
guished from the fused features. Thus, all three fea-
ture fusion strategies in this paper use the concatena-
tion operation rather than the add operation.

5 Experiments and results

To demonstrate the effectiveness of our feature
fusion framework, we test it on a public dataset of
real-world underwater environments with various kinds
of target objects. A series of experiments are conduc-
ted to investigate the three feature fusion strategies
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presented in our framework. Both qualitative and
quantitative results are provided in this section.

5.1 Datasets

The public dataset used in our experiments is
provided by the 2021 China Underwater Robot Pro-
fessional Contest. The dataset consists of 4000 la-
belled polar sonar images, covering typical underwa-
ter scene environments. It contains eight categories of
typical objects, including cube, ball, cylinder, human
body, tyre, circle cage, square cage, and metal bucket.
In our experiments, the entire dataset of 4000 images
is split into three sets: training set (approximately
60%), validation set (approximately 20%), and test
set (approximately 20%). The split is performed not
according to the number of images but to the number
of each kind of objects that exists in the set. Assuming
there are 1000 images that include a single object of
ball and 500 images that include a ball and some other
objects, we first use a random sampling method to se-
lect 600 images from the 1000 images into the train-
ing set, 200 images into the validation set, and 200
images into the test set; then, we randomly sample
300 images from 500 images into the training set,
100 images into the validation set, and 100 images
into the test set. As a result, there are 600+200 images
for training, 200+100 images for validation, and 200+
100 images for test, where each image contains a sin-
gle target object or multiple objects. If there are over-
lapped images between multiple objects, those du-
plicate images will be removed. This random sam-
pling is performed three times. All experimental re-
sults in this section are mean values on these three
randomly generated datasets. Details of the datasets
are shown in Table 1.

In addition, the above random sampling method
can ensure the following points: (1) The data distribu-
tion of the original datasets is essentially in agreement
with the training set, validation set, and test set. (2) It

is basically the same proportion of images that in-
clude the single object and multiple objects in the
training set, validation set, and test set to make the
difficulty of object detection in the three subsets al-
most the same. (3) As we performed three random sam-
pling partitions, we compared the experimental results
on three-partition datasets in subsequent experiments,
which comprehensively validated the effectiveness
of our method.

5.2 Metrics

In our experiments, two evaluation metrics are
used to compare the performance of different ap-
proaches: mAP and average recall (AR). Precision re-
fers to the proportion of samples that are predicted to
be positive in all positives, including true positives
and false positives, and recall refers to the proportion
of samples that are predicted to be positive in true posi-
tives and false negatives. mAP is a widely used met-
ric for object detection that is the mean precision
among all categories, which is used to evaluate the
overall performance of different detection approaches.
AR is used to quantify the results of region propos-
als, which is used to evaluate the effectiveness of fea-
ture fusion on region proposals.

5.3 Implementation details

In this paper, MMDetection (Chen K et al., 2019),
an open-sourced object detection framework, is used
to implement the proposed feature fusion approaches.
Codes are written in Python 3.7 and PyTorch 1.8.1.
The server operating system of all experiments is
Ubuntu 18.04, CUDA Toolkit 11.1, CUDNN 8.0, and
MMDetection 2.12, while the hardware includes
Intel Core i9-10980XE (3.0 GHz), 32 GB RAM, and
NVIDIA GeForce 3090 (24 GB memory).

The polar image is duplicated along the pixel
channel to form an image with three channels. Then,
the pretrained ResNet-50 model is used for intensity

Table 1 Number of images with single object/multiple objects in each subset

Number of images with single object/multiple objects

Dataset Ball Square cage Tyre Circle cage Cube Metal bucket Human body  Cylinder
Original dataset ~ 82/1861 24/631 14/838 11/375 1194/557 20/383 208/476 215/187
Training set 50/1003 16/351 10/482 7/207 718/279 12/214 126/253 129/100
Validation set 16/421 4/136 2/189 2/75 238/138 4/84 41/113 43/38
Test set 16/437 4/144 2/167 2/93 238/140 4/85 41/110 43/49
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feature extraction, and we fine-tune the parameters
during training. For the geometric feature extraction
of the point cloud representation, another ResNet-50
model structure is used with the parameter initialized
from a normal distribution with 0 mean and 0.001
standard deviation (std). RPN and R-CNN are also
randomly initialized from normal distributions, while
Xavier initialization is adopted for FPN. When fea-
ture fusion strategies are used in these approaches,
the number of channels of components involved in
fused features is doubled compared to the original
Faster R-CNN. All models are optimized by stochas-
tic gradient descent (SGD) with an initial learning
rate of 0.02 and momentum of 0.9. Linear warmup is
adopted every 500 iterations. Weight decay and ran-
dom flip are used to prevent overfitting.

5.4 Comparison with different data representations

Qualitative comparison: Fig. 5 illustrates the typi-
cal detection results with different representations of
sonar data on the given datasets. For the polar image
representation, the ball in the first scene is misclassi-
fied as a human body; false positive predictions are
also observed, such as the predicted ball in the second
scene and the tyre and cube in the third scene. Com-
pared with other representations, more misclassifica-
tions and false positive predictions are observed in
the polar image representation. This is caused mainly
by the representation distortion in the polar image.
This additional distortion makes it harder for detec-
tors to learn the distinguishable geometric features of
different objects. In the point cloud representation,
objects are detected correctly with only an exception
of false positive prediction in the second scene. With
the increase of spatial resolution in Cartesian images,
the confidence of predictions of ball, circle cage, and
square cage increases, and the detection results of these
regularly shaped objects improve. However, the pre-
diction of irregular objects, such as the human body,
becomes worse when high resolutions are used. The
reason is that a high spatial resolution results in a
small image size, and many details will be lost in the
Cartesian image.

Quantitative comparison: Tables 2 and 3 show the
overall and classwise evaluations of the detection re-
sults from different data representations on the given da-
tasets, respectively. mAP@].5, .95] means calculating

mAP with intersection over union (IOU) between
0.5 and 0.95, mAP@0.5 means calculating mAP
with IOU greater than 0.5, and mAP@0.75 means
calculating mAP with IOU greater than 0.75. S, M,
and L indicate the size of the region proposals (small,
medium, and large) for the objects in the image. It can
be seen that detection results with polar image and
point cloud representations share a similar perfor-
mance. Cartesian image (1 cm) representation achieves
+0.6% compared with polar image and point cloud
representations. The reason is that there is no distor-
tion in the Cartesian image, and more details of ob-
jects can be preserved.

In addition, it can be observed that the accuracy
shows a clear downward trend in the performance
of mAP@].5, .95], mAP@0.5, and mAP@0.75 with
increasing spatial resolution of the Cartesian image.
The reason is that different spatial resolutions lead to
different image sizes. Similar to the raster processing
in the field of point clouds, the larger the spatial size
of a grid is, the less the amount of data obtained, and
consequently, the outline of the object becomes more
indistinctive.

It can also be observed that the precisions of
small and medium predictions show a clear upward
trend as the spatial resolution of the Cartesian image
increases. For instance, compared with Cartesian image
(1 cm), the mAP(M) of Cartesian image (5 cm) in-
creases to 70.1%. The reason is that the size of the
image generated with a resolution of 1 cm is larger
than that generated with a resolution of 5 cm. Detec-
tion in a large image with small proposals will have a
relatively low accuracy. In the extreme case, where
the proposal size is too large for the generated Carte-
sian image, the mAP becomes invalid. Among these
different approaches, the mAP[.5, .95] of the Cartesian
image (1 cm) increases to 51.4% and achieves the
best performance of object detection.

5.5 Comparison with different fusion strategies

Qualitative comparison: Fig. 6 illustrates the typi-
cal detection results with different feature fusion strate-
gies of sonar data on the given datasets. The results
from the Faster R-CNN with a single polar image or
point cloud input are also presented to give a better
comparison. Fig. 6 shows that the overall perfor-
mance of our feature fusion methods outperforms
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Fig. 5 Typical detection results of three scenes by using different data representations
From top to bottom: ground truth annotation, polar image, point cloud, Cartesian image with a resolution of 1 cm, Cartesian image
with a resolution of 5 cm, and Cartesian image with a resolution of 10 cm

Table 2 Mean average precision of approaches with different data representations

Representation

Mean average precision (%)

mAP@][.5, .95] mAP@O0.5 mAP@0.75 mAP(S) mAP(M) mAP(L)

Polar image 50.8 93.8 49.7 18.5 51.0 45.5

Point cloud 50.8 95.4 48.4 24.4 50.9 46.2

Cartesian image (1 cm) 514 94.7 49.0 20.0 51.4 43.1

Cartesian image (5 cm) 48.2 94.6 40.6 48.1 70.1 -

Cartesian image (10 cm) 43.9 92.3 31.4 43.9 - -
Best results are in bold

Table 3 Classwise precision of approaches with different data representations
. Classwise precision (%)
Representation - B
Ball  Circle cage Human body Square cage Cube Cylinder Tyre  Metal bucket

Polar image 52.1 523 52.2 46.9 51.9 443 53.5 53.4
Point cloud 51.9 52.4 53.0 47.3 53.6 46.2 51.7 50.5
Cartesian image (1 cm) 50.4 53.7 50.9 51.1 56.2 47.7 45.0 56.2
Cartesian image (5 cm) 50.5 48.2 46.7 46.2 50.6 38.7 49.1 554
Cartesian image (10 cm) 42.7 47.3 493 423 39.2 33.5 46.7 50.1

Best results are in bold
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that of detectors with a single representation input. In
the first two scenes, the precision of irregularly shaped
objects (such as human body and metal bucket) in the
RPN fusion method is higher than that in the other
two fusion strategies. However, in the third scene, it
can be observed that the precision of regularly shaped
objects (such as ball) is almost the same among the
three fusion methods. Noting those regions highlighted
by yellow squares, it can be seen that the RPN fusion
method performs best among our three feature fusion
strategies.

Quantitative comparison: Tables 4 and 5 show the
overall and classwise precision of detection approaches
with different feature fusion strategies on the given
datasets. In this experiment, we compare three feature

N N
ik [EIE X

fusion strategies with two baseline approaches (Faster
R-CNN with polar image representation and point
cloud representation). From Table 4, it can be seen that
our proposed input fusion, RPN fusion, and R-CNN
fusion strategies outperform the baseline methods
by +1.0% mAP, +1.4% mAP, and +0.7% mAP on aver-
age, respectively. Therefore, each of our proposed
feature fusion strategies has the potential to improve
the overall accuracy of object detection with sonar
data. In RPN fusion, intensity features and geometric
features are learned from polar image and point cloud
representations separately, alleviating the difficulty
of robust feature learning; then, features are fused
and fed into RPN and R-CNN for final predictions. It
seems that the undistorted geometric features not only
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Fig. 6 Typical detection results of three scenes by using different feature fusion strategies
From top to bottom: ground truth annotation, polar image, point cloud, input fusion, RPN fusion, and R-CNN fusion.

References to color refer to the online version of this figure
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make a better classification but also help to generate
better object proposals. Compared with RPN fusion,
the input fusion strategy shows the second-best per-
formance. Fused features are also fed into both RPN
and R-CNN, resulting in a better prediction. However,
the fused input data make the model struggle to learn
effective feature representations, resulting in a —0.4%
mAP on average. For R-CNN fusion, since the geo-
metric features are fused only for R-CNN, the overall
performance is relatively low. However, the mAP of
the R-CNN fusion still shows a +0.7% mAP compared
with detection approaches without feature fusion.

Table 6 shows the comparison results among dif-
ferent fusion operations. In this table, input fusion,
RPN fusion, and R-CNN fusion indicate feature fusion
using the concatenation operation; RPN fusion add
and R-CNN fusion add indicate feature fusions using
the add operation. AR,,,, means that the maximum

Wang et al. / Front Inform Technol Electron Eng 2023 24(6):828-843

number of object proposals that can be detected in the
image is 1000. In this experiment, we compare five ap-
proaches in terms of floating-point operations per sec-
ond (FLOPs), number of parameters, AR, and mAP.
From Table 6, it can be seen that RPN fusion and
R-CNN fusion strategies outperform RPN fusion add
and R-CNN fusion_add strategies by +0.7% mAP
and +0.7% mAP on average, respectively. Moreover,
RPN fusion and R-CNN fusion strategies with con-
catenation operation show +0.2% AR and +0.3% AR
on average compared with RPN fusion add and R-
CNN fusion_add strategies, respectively. Therefore,
the feature fusion strategy with the concatenation op-
eration has more potential to improve the overall ac-
curacy of object detection with sonar data than the add
operation. However, the FLOPs and the number of
parameters of the RPN fusion and R-CNN fusion are
much more than those of the RPN fusion_add and

Table 4 Mean average precision of approaches without/with feature fusion

Mean average precision (%)

Representation
mAP@].5, .95] mAP@0.5 mAP@0.75 mAP(S) mAP(M) mAP(L)

Polar image’ 50.8 93.8 49.7 18.5 51.0 45.5

Point cloud” 50.8 95.4 48.4 24.4 50.9 46.2

Input fusion” 51.8 95.6 50.0 24.4 51.8 48.7

RPN fusion” 52.2 95.8 51.4 26.1 52.1 49.3

R-CNN fusion” 51.5 94.3 50.5 24.4 51.6 47.5
Best results are in bold. * without feature fusion; * with feature fusion

Table 5 Classwise precision of approaches without/with feature fusion
Representation : Classwise precision (%) .
Ball Circle cage ~ Human body Square cage  Cube Cylinder Tyre Metal bucket
Polar image” 52.1 52.3 52.2 46.9 51.9 443 53.5 53.4
Point cloud” 51.9 52.4 53.0 47.3 56.3 46.2 51.7 50.5
Input fusion” 52.4 50.2 52.2 48.0 54.9 47.7 56.5 52.4
RPN fusion” 52.5 523 52.9 47.7 55.9 47.1 55.0 53.9
R-CNN fusion” 52.2 51.8 51.4 48.0 54.1 45.3 54.1 54.9
Best results are in bold. * without feature fusion; * with feature fusion
Table 6 Comparison of different fusion operation approaches with feature fusion

Representation FLOPs (G) Number of parameters (M) AR 400 mAP@0.5 mAP@0.7 mAP@].5,.95]
Input fusion” 206.7 414 59.5% 95.6% 50.0% 51.8%
RPN fusion” 411.9 81.2 59.4% 95.8% 51.4% 52.2%
R-CNN fusion” 361.7 80.6 58.3% 94.3% 50.5% 51.5%
RPN fusion_add” 348.8 67.8 59.2% 95.3% 50.3% 51.5%
R-CNN fusion_add” 348.8 67.8 58.0% 94.2% 48.3% 50.8%

Best results are in bold. * without feature fusion; * with feature fusion; G: giga; M: million
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R-CNN fusion_add strategies. The feature fused by the
concatenation operation can improve the accuracy of
object detection, but this operation will lead to an in-
crease in computation quantity and parameter quantity.
The FLOPs and the number of parameters of the input
fusion are the lowest among the five approaches be-
cause it is a data-level fusion strategy.

5.6 Impact of feature fusion on proposal generation

From the previous experiments, we observe that
the best fusion strategy is RPN fusion instead of R-
CNN fusion. It seems that fused features help both
region proposal and bounding box predictions in two-
stage detectors. Therefore, this experiment focuses on
the investigation of how feature fusion affects region
proposals. To this end, we compare the accuracy of
proposals generated by Faster R-CNN with or with-
out feature fusion. The results are summarized in
Table 7. From the table, it can be seen that our input
fusion strategy and RPN fusion strategy show +0.6%
mAP@].5, .95] and +1.3% mAP@].5, .95] on average
compared with detectors using polar image represen-
tation. It clarifies that our proposed feature fusion
methods undoubtedly have the ability to improve
the accuracy of region proposals. In addition, RPN
fusion still shows better performance than the input
fusion strategy. This is because RPN fusion uses two
separate ResNet-50 structures to learn the intensity
features and geometric features from the polar image
and point cloud representations, respectively. Each of
the two ResNet-50 structures responses for one kind
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of feature learning. This releases the burden of learning
robust features.

The comparison of the AR of proposals generated
by Faster R-CNN with or without feature fusion is
shown in Table 8. From the table, AR,,, has the same
value as AR,,, and AR,,,. AR,,, means the maximum
number of object proposals that can be detected in
the image is 100. Since there are only a few objects
in the sonar image, the number of 100 object proposals
is sufficient to predict the location of objects in the
image. The value of AR(S) is much lower than AR(M)
and AR(L). Since the size of the objects in the sonar
image is larger than that in the normal image, the
performances of AR(M) and AR(L) are better than
that of AR(S). Moreover, it can be seen that our input
fusion strategy and RPN fusion strategy show +0.6%
AR,y and +0.4% AR,,, on average compared to de-
tectors using polar image representation. In addition,
the input fusion shows a slightly better performance on
proposal generation than the RPN fusion strategy.
This is because the input fusion uses the data of the
polar image and the point cloud representations as the
input to extract features.

5.7 Extension to modern detectors

To validate the applicability of our feature fusion
module, we extend our module to state-of-the-art de-
tectors and make a comparison between the extended
and original detectors. Both one-stage detectors (in-
cluding DDOD, TOOD, YOLOv3, and YOLOX) and
two-stage detectors (including sparse R-CNN and

Table 7 Precision of proposal generation without/with feature fusion

Representation mAP@].5, .95] mAP@0.5 mAP@0.75 mAP(S) mAP(M) mAP(L)
Polar image” 52.2% 96.6% 50.0% 24.6% 52.2% 55.2%
Point cloud’ 52.0% 96.9% 49.6% 32.4% 52.0% 54.2%
Input fusion” 52.8% 97.0% 51.1% 32.0% 52.8% 57.8%
RPN fusion” 53.5% 97.0% 53.0% 34.6% 53.3% 58.2%

Best results are in bold. * without feature fusion; * with feature fusion
Table 8 Average recall of proposal generation without/with feature fusion

Representation ARy, ARy, AR50 AR(S) AR(M) AR(L)
Polar image” 61.1% 61.1% 61.1% 24.4% 61.3% 61.4%
Point cloud’ 60.8% 60.8% 60.8% 32.2% 61.0% 60.8%
Input fusion” 61.7% 61.7% 61.7% 32.2% 61.7% 64.9%
RPN fusion” 61.5% 61.5% 61.5% 34.4% 61.6% 62.4%

Best results are in bold. * without feature fusion; * with feature fusion
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Fig. 7 Comparison of the state-of-the-art detectors without/with our feature fusion module

dynamic R-CNN) are chosen for experiments. The
original detectors and our extended detectors are im-
plemented under an open-sourced detection frame-
work MMDetection. Both detectors are trained by the
same parameter settings. The experimental results are
shown in Fig. 7. It can be seen that (1) both one-stage
detectors and two-stage detectors show better perfor-
mance when extended with our feature fusion module
and (2) one-stage detectors with our module show
more significant improvement than two-stage detectors.
The mAP of the one-stage models with the feature fu-
sion module shows approximately +1.0%—5.2%; the
mAP of the two-stage models shows approximately
+0.4%—0.8%. Therefore, our feature fusion module can
be easily and effectively extended to state-of-the-art
detectors and show better performance on this com-
petitive benchmark.

6 Conclusions

This paper focuses on the impact of various sonar
data representations on object detection. A summary
of different representations for sonar data was first
presented, including polar image, Cartesian image, and
point cloud. The geometric characteristics of each
data representation were analyzed. Two kinds of geo-
metric distortion in sonar data were discussed, includ-
ing projection distortion and representation distortion.

The first distortion is caused by the limitation of
sonar sensors, while the second is due to the repre-
sentation of sonar data. Therefore, a feature fusion
framework from different sonar data representations
for underwater object detection was proposed. Three
feature fusion strategies were presented in the frame-
work to investigate the impacts of feature fusion on
different components of the detection pipeline. RPN
fusion strategy showed the best performance among
all the approaches. In addition, our feature fusion strate-
gies can be easily integrated into other detectors, such
as YOLO series. A series of experiments were con-
ducted on a public sonar dataset. Experimental results
showed the validity and practicality of our proposed
framework and feature fusion strategies.
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