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Abstract

Scientific and precise evaluations of the megafaunal and landform characteristics of seamounts are important guides for
their protection and study. A series of manned and unmanned submersibles have provided invaluable observational
imaging data for the ecological study of seamounts. However, traditional methods of artificial observation of seamount
imaging data cannot accurately and efficiently determine the characteristics of megafauna and landforms. This research
harnesses data-driven technology to systematically investigate the distributional traits and morphological features of
megafaunal organisms, as well as the topographical characteristics, in the Caiwei Guyot region of the western Pacific’s
Magellan Seamounts. To construct the landform and megafauna dataset of the Caiwei Guyot region, we used a data
preprocessing technology based on image enhancement to provide high-quality imaging data for data-driven
technologies. A megafaunal identification and counting algorithm based on YOLOvVS5 (You Only Look Once Version
5) was developed to efficiently assess the abundance, variety, and dominant species of megafauna. Simultaneously, a
landform three-dimensional (3D) reconstruction algorithm based on PatchmatchNet was developed to reconstruct the
3D form of the terrain accurately. This study pioneers the application of data-driven technology to deep-sea imaging
within the Caiwei Guyot region, offering an innovative approach to accurately and efficiently characterize the region’s
unique megafauna and landforms.
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1 Introduction Therefore, to improve the automation of data processing

of deep-diving images and obtain more accurate analysis

Seamounts are renowned as the “great garden under
the sea” due to their rich mineral and biological resources.
It is of great significance to study the biological and geo-
morphic characteristics of the seamount area for the pro-
tection and development of deep-sea resources (Ding,
2021; Li et al., 2018; Liu et al., 2018). However, tradition-
al deep-sea geomorphology and biological survey meth-
ods primarily involve labor-intensive manual sampling
and direct visual inspection of deep-sea sonar and optical
images, which is inefficient and narrow in applicability.

results, we must design an intuitive and effective data pro-
cessing method.

Numerous academics have recently researched the at-
tributes of marine life and landforms. Geyer (1977) gener-
ated a distribution map of deep-sea biological communi-
ties on the DeSoto Canyon-Louisiana Continental Slope
using images obtained by the DIAPHUS manned sub-
mersible. Collot et al. (1992) utilized observational data
collected by the manned submersible Paralcyon to con-
struct a geological profile of the steep slope of the newly

Foundation item: The Key Research and Development Program of Shandong Province of China under contract
No. 2020JMRHO101; the National Key Research and Development Project of China under contract No.

2021YFC2802100; the Qingdao Natural Science Foundation under contract No. 24-4-4-zrij-127-jch.

*Corresponding author, E-mail: dzj@ndsc.org.cn

http://www.aosocean.com
E-mail: ocean2@hyxb.org.cn



148

discovered Hecate Ridge in the North Fiji Basin, which
provided valuable insight into diverse aspects, such as bi-
ological populations and fishery resources. Usui et al.
(1993) conducted manned deep-sea diving observation
and sampling research in the Tenpo Seamount in the west-
ern Pacific Ocean by utilizing Deep-sea 2000 Manned
submersible. Along the submersible’s navigation track,
they investigated the distribution of manganese nodules
and manganese-crusted coastal mountain slopes. This re-
search enhanced our knowledge of metal mineral re-
sources in seamounts. Duan et al. (2023) employed side-
scan sonar techniques to investigate the micro-geomor-
phological characteristics of the seafloor within the survey
area and obtained a vivid representation of the seabed fea-
tures in a specific maritime zone south of Zhuhai, China.
Their research provided a detailed visual dataset that en-
hanced our understanding of underwater topography and
its implications for benthic ecology in the region. Zhang
et al. (2021) obtained precise bathymetric landforms and
shallow stratigraphic profile data in the survey area using
high-resolution submarine acoustic detection equipment.
They also determined the surface sediment type and parti-
cle size parameters using a sieve analysis method and a
laser particle size meter experiment. Ottesen et al. (2017)
investigated the seafloor morphology of nine tidewater
glaciers terminating in the open sea area east of Svalbard
based on multi-beam band-sounding technology and then
studied the evolution of the glaciers.

With the development of underwater cameras, as well
as the advantages of underwater optical detection meth-
ods that can capture details such as color information of
targets, some scholars study biological and geomorpho-
logical features based on underwater optical videos or im-
ages (Xie et al., 2022). Usui et al. (2013) conducted a me-
thodical investigation and sampling campaign on Marcus
Seamount in the western Pacific Ocean. They utilized
manned and remotely operated submersibles and deep-
towed equipment to take optical video of the seafloor.
They integrated their research findings with the sub-
mersible’s observation track to analyze the entire distribu-
tion of crust resources, encompassing water depth, crust
thickness, and sample properties. Liu et al. (2023) charac-
terized the topographic and geomorphic features of the
Caroline M4 Seamount and its surrounding area based on
comprehensive coverage multibeam bathymetry data and
optical imagery acquired through multiple descents of a
remotely operated vehicle (ROV) in the offshore region.
Baker et al. (2021) combined directional observations
from manned submersibles with quantitative analysis of
fixed images obtained from stereo cameras to estimate the
abundance, distribution, habitat, and behavior of Pacific
Ocean fish. Perez et al. (2018) analyzed video data record-
ed during their dives to characterize the assemblage of
benthic megafauna (fish and crustaceans) and to quantita-
tively assess structural factors (depth, topography, and
habitat type). Griny¢ et al. (2022) studied the geomorphic
structure and giant benthos of the Gulf of Cadiz with 17
videos of dives taken by an ROV. The distribution of the
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deep-sea ecosystem of the Gulf of Cadiz was obtained.

The Caiwei Guyot, located in the northwest Pacific, is
a deep flat-topped seamount with a summit area rich in
cobalt-rich crusts, which hold significant mineral re-
source value. Moreover, due to its unique marine and hy-
drographic conditions, the Caiwei Guyot considerably in-
fluences the distribution of deep-sea ecosystems, biodiver-
sity, and geological features on the seafloor. Studying the
Caiwei Guyot enables scientists to understand how
seamount topography affects local circulation patterns and
how these patterns regulate the exchange of energy and
materials within the ocean (Guo et al., 2020). However,
there are currently few reports on the topography and
large benthic organism characteristics of the Caiwei Guy-
ot, which holds abundant research potential.

In addition, the extraction of information on deep-sea
organisms and topographical features from manned sub-
mersible observation imagery has traditionally relied on
manual analysis of offline video footage. While this ap-
proach benefits from integrating human prior knowledge
to analyze complex scenes reliably, it is hampered by low in-
formation extraction efficiency, the inability to rapidly and
intuitively obtain seabed information, and the challenges
of achieving high-precision quantitative descriptions due
to human subjectivity. In recent years, the evolution of da-
ta-driven methods and artificial intelligence technologies
has led to intelligent techniques for efficiently processing
underwater imagery, offering significant efficiency, preci-
sion, and cost advantages. These advancements are in-
creasingly becoming the cutting-edge in deep-sea survey
methodologies. Therefore, we integrate data-driven tech-
nologies to address the aforementioned shortcomings of
manual observation. By mitigating errors caused by the
subjectivity of investigators, we enhance the speed and ac-
curacy of data processing. Taking the topographical and
biological survey of the Caiwei Guyot as an example, we
demonstrate the advantages of data-driven technology
over traditional manual observation in deep-sea surveys.
This aims to provide a novel technical reference for the ef-
ficient utilization of deep-sea survey data and the automat-
ed extraction of deep-sea information.

The structure of this paper is as follows. The second
section provides a brief introduction to the sources of our
experimental data, as well as the principles and proce-
dures of the data-driven approach used in this study. The
third section discusses the basic parameters of the experi-
mental equipment employed, the information processing
effects of the data-driven method, and the research find-
ings on the distribution of biology and topography in the
Caiwei Guyot facilitated by this method. Finally, the
fourth part summarizes the content of this paper.

2 Materials and methods

2.1 Survey area and means

The Caiwei Guyot is located in the Northwest Pacific
Ocean, east of the Mariana Island Arc, and approximately
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1 100 km from Guam and 1 000 km from the port of
Pohnpei in the south. The Jiaolong manned submersible
used the unique technical advantages in the Caiwei Guyot
area. According to the idea of “point, line, and surface”,
combined with an anatomical investigation, typical ter-
rain units, scientific selection of diving sites, and reason-
able arrangement of operation content, the Jiaolong
manned submersible has carried out a detailed investiga-
tion of the typical terrain units of the peaks, slopes, and
foothills in the south, north, and west of the seamount.
Eight dives were conducted, and the topographic map of
the Caiwei Guyot and dive sites are shown in Fig. 1.
Among them, the red dots represent eight distinct dive
sites.

The Jiaolong manned submersible used six deep-sea
high-definition cameras with a resolution of 1080i HDTV
to shoot a video of the Caiwei Guyot area. The minimum
illumination is 2 Ix. The optical zoom is 10x. The digital
zoom is 12x. The aperture range is 3.2-32 mm, and the
video aspect ratio is 16:9 or 4:3. It has a maximum speed
of 2.5 kn during shooting and a cruise speed of 1 kn, and
it uses 10 LEDs and a quartz halogen lamp to provide
lighting. During this process, a large amount of valuable
deep-sea video data was obtained.

2.2 Methods

2.2.1 Overall architecture of the method

Data-driven technology is based on large-scale data-
sets that use machine and deep learning techniques to
extract useful information from data and make analyses
and predictions (Hou and Xu, 2009). Consequently, this
article presents a data-driven methodology for analyzing
deep-diving image data to examine the megafauna charac-
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teristics and landforms of the Caiwei Guyot region.

Figure 2 illustrates the overall architecture of the
method, which primarily comprises four components:
(1) megafaunal identification, (2) a counting algorithm
based on YOLOVS, (3) a landform 3D reconstruction al-
gorithm based on PatchmatchNet, and (4) analysis of the
results.

The primary objective of the data preprocessing phase
is to generate an image dataset from videos and enhance
the image data’s quality using the algorithm. This is done
to supply the succeeding data-driven model with more
distinct image data. The megafaunal identification and
counting algorithm based on YOLOVS detect the catego-
ry and quantity of megafaunal organisms in the image da-
ta of the Caiwei Guyot region quickly and precisely. The
landform 3D reconstruction algorithm based on Patch-
matchNet performs multi-view 3D reconstruction of a typ-
ical landform rapidly and accurately. The analysis of the
results relies on the outputs of the two data-driven models
to determine the characteristics of the megafauna and
landforms in the Caiwei Guyot.

The presence of light attenuation and dispersion in the
deep sea, coupled with limited illumination, inevitably re-
sults in color bias and low contrast in deep-sea images.
Degraded deep-sea images can negatively affect the effi-
cacy of data-driven models. Therefore, we propose an im-
age enhancement method to furnish data-driven models
with high-quality deep-sea imagery. The procedure com-
mences by applying the gray world method (Ancuti et al.,
2018) to rectify the image’s color bias. Subsequently, the
color-corrected image is converted from RGB space to
LAB space. The CLAHE algorithm is then utilized to aug-
ment the L channel. Ultimately, the deep-sea image is en-
hanced. Furthermore, due to the unique characteristic of
155.4°
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Fig. 1. Topographic map of the Caiwei Guyot.
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visible light propagation attenuation, the average value of
pixels in the red channel of deep-sea images is compara-
tively low. Conversely, the grayscale world assumes that
the average value of pixels across various channels in the
scene should be equivalent. Thus, the red channel will be
inflated to an inordinate degree when the grayscale world
method is utilized to restore color to the deep-sea images.
Consequently, color artifacts will appear in the enhanced
images. To address this, the red channel is initially pre-
compensated using Eq. (1):

Le(x) = L)+ - (I = T) - (1 = [(x)) - Iy (x), (1)
where 7 (x) and /,(x) are the values of the red channel af-
ter compensation and before compensation, respectively,
T, and 1, are the mean values of the blue and red channels,
respectively, and « indicates the constant parameter. Af-
ter the red channel is pre-compensated, the gray world
method is used to correct the color bias of the image. This
method adjusts the color of each pixel by calculating the
average gray value of the image (the average value of all
pixel values) so that the gray value of each pixel corre-
sponds to the average gray value of the entire image to
achieve the color balance of the image. Specifically, we
first calculate the average values of the RGB channels, de-
noted as R, G, and B, to derive the white balance coeffi-
cient K. Subsequently, we determine the gain factors for
the RGB channels, which are expressed as follows:

ain K
g R—R

K
aing = —, 2
gaing B (2)
ain, K
g G_G

Finally, each pixel value can be adjusted according to
the gain coefficient to achieve image color correction:

R’ = gaing XR,
B’ = gaing X B, (3)
G’ = gaing XG.

The CLAHE algorithm (Wang and Niu, 2022) is im-
plemented on deep-sea images to enhance their contrast
and luminosity. By partitioning the image into small
blocks and limiting the number of pixels in each gray lev-
el, CLAHE achieves a more uniform distribution of gray
levels within each block. Interpolation is then used to pro-
duce an image with increased contrast. The L channel,
which represents brightness information, is isolated from
the A and B channels, which represent color information,
during local contrast enhancement. As a result, CLAHE
processes solely the L channel associated with contrast,
thus potentially mitigating color distortion and computa-
tional complexity. The discrete stages comprising the
CLAHE algorithm are as follows.

(1) Divide the picture into continuous and non-coinci-

151

dent m x n subblocks.

(2) Obtain histogram A(x) of the subblocks using the
direct square equalization method (Pizer et al., 1987).

(3) Calculate the clipping limit 7:

Ny XNy,

T= Cclip X (4)

where N, and N, are the number of pixels of each sub-
block in the x and y directions, respectively, M is the gray
level of the corresponding subblock, and C, is the clip-
ping coefficient.

(4) Cut the gray histogram of the subblocks according
to T and divide the cut pixels into each gray level of the
gray histogram according to Eq. (5) and Eq. (6):

M-1
S = Z max[h(x) - T1}, (5)
x=0

S
A= w (6)

where A is the pixels evenly assigned to each gray level,
and S is the total number of pixels exceeding 7. The his-
togram H(x) after reallocation is:

[ T+A  h(x)>T,
H®) ‘{ ) +A h(x)<T. (7)

(5) Obtain the gray value of the center point of each
subblock, use it as the anchor value, and reconstruct the
remaining pixels in the image using the double-line inter-
polation method (Catmull, 1974).

2.2.2 Megafaunal identification and counting algorithm

based on YOLOvS

The disadvantages of the method for classifying and
quantifying megafauna using artificial observations of
seamount image data include inefficiency and subjectivi-
ty in judgment. Object detection technology based on
deep learning can precisely identify and localize targets by
extracting target features from images. This can provide
efficient and rapid data support for the study of megafau-
na (Ding et al.,, 2023). Consequently, we present the
megafaunal identification and counting algorithm based
on YOLOVS. This algorithm enables the classification and
counting of megafaunal in image data with speed and
precision and facilitates subsequent statistical analysis
of biological characteristics. In particular, the video data
obtained during each voyage segment of the Jiaolong
manned submersible were utilized to construct an exten-
sive database on deep-sea benthos. This database was
subsequently employed to train the YOLOvS model. In
conclusion, the trained YOLOvV5 model was applied to the
image data of the Caiwei Guyot region to classify and
quantify the megafauna.

The principle of the typical one-stage algorithm
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YOLOVS (Jocher, 2020) is illustrated in Fig. 3. Bounding
boxes are predicted in each grid of the original input im-
age to detect distinct categories of targets. The output
comprises the bounding boxes corresponding to each tar-
get type, with the confidence of each bounding box being
computed individually. The process involves establishing
a threshold to exclude bounding boxes with class confi-
dence below the specified value. Non-maximum suppres-
sion is then utilized to obtain the final bounding box.
Thus, this model can be utilized to extract the category
and quantity information on every organism depicted in
each frame image.

YOLOVS primarily comprises an input terminal, back-
bone network, neck network, and detection head. The
structure is illustrated in Fig. 3. Image preprocessing
methods, including the adaptive anchor frame calculation
and mosaic data enhancement, were implemented at the
input end. The backbone network, consisting of the Conv,
C3, and spatial pyramid pooling fast (SPPF) structures, is
utilized for feature extraction at various target dimensions.
The feature pyramid network (FPN) and path aggregation
network (PAN) featuring a fusion structure are imple-
mented in the neck. FPN transmits high-level semantic
features from the top to the bottom, enabling the bottom
feature map to acquire semantic information from the top
layer. PAN is then used to transmit features, such as posi-
tion and texture, from the bottom to the top, allowing the
top-level feature map to obtain additional position and
texture information from the low-level feature map.

The detection head is the component responsible for
mapping the extracted features into the target positional
coordinates and category confidence. This structure opti-
mizes the model parameters by computing the loss func-
tion, thus outputting information on the target’s location,
category, and confidence. The expression for the total loss
function, L, is as follows:

L = lLeonf (C;gl’ 6'i) +leis (P,gl, ﬁt) + leoord (bigl’ l;z) > (8)

where [ . represents the confidence loss, [, represents

cls

candidate box and
confidence level
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the classification loss, and [, ., is the bounding box re-
gression loss. ¢ and ¢ are the predicted and actual confi-
dence levels of an object that is presented in the i-th grid
cell, respectively. p,(z) and pf'(z) denote the predicted and
actual probabilities that the object in the i-th grid cell be-
longs to category z, respectively. j, and 5 correspond to
the coordinates of the predicted and actual bounding box-
es within the i-th grid cell, respectively. The expression

for [, 1s as follows:

2

S* B
conf ZZI[OIbJ g”ln AJ (] —clg[j)ln(l —f‘{)]—
i=0 j=0
s2 B ) )
ZZI{’;’""J[g‘fln )J+(1-c)m(1-¢])]. (9
i=0 j=

In the equation, S? refers to the number of grids, B de-
notes the number of bounding boxes per grid cell, and Il.‘j?’j
indicates whether the j-th bounding box in the i-th grid is
responsible for detecting the object. & and cf‘f represent
the predicted and actual confidences, respectively, that an
object is present within the j-th bounding box of the i-th

grid. The expression for [ is as follows:

W) =SS Y |

i=0 j=0 zeclasses

(1—p%‘f(z>)lg(1—ﬁf<z>)]-

[pEi@e (p]@)+

(10)

In the given context, 7/ and p¥(2) correspond to the
predicted and actual probabilities, respectively, that the
object within the j-th bounding box of the i-th grid be-

longs to category z. The expression for [, is as follows:

2( 8 %
Z Z %1 -ToU + p—(ifz . Jl) +
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Fig. 3. Detection principle of YOLOVS.
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In the equation, IoU represents the Intersection over
Union (IoU) between the predicted and ground truth box-
es. we'/net and W/h denote the aspect ratios of the ground
truth box and the predicted box, respectively. j;, and j&
are the midpoint values of the predicted box and the
ground truth box within the i-th grid, respectively. p? is
the Euclidean distance between the two points. The term d
refers to the diagonal distance of the smallest enclosing
region that contains both the true and predicted boxes.

2.2.3 Landform 3D reconstruction algorithm based on
PatchmatchNet

Understanding climate change, deep-sea landforms,
and geomorphology is crucial to comprehending the ma-
rine ecosystem, biodiversity, and Earth’s tectonic activity.
In recent years, advancements in underwater photography
technology have enabled deep-sea exploration to access a
vast amount of imaging data. As a result, geographic in-
formation extraction via 3D visual reconstruction has be-
come a hotspot of scientific inquiry.

Among them, multi-view stereo (MVS), based on its
low cost, robustness, and scale adaptability, has been
widely used in seabed landforms and geomorphology
mapping. Traditional MVS methods typically need to in-
put images with uniform illumination and robust texture
features. In comparison, MVS methods based on deep
learning are more robust to the above problems and have
gradually attracted extensive attention from scholars inter-
nationally. Wang et al. (2021) learned from the idea of
Patchmatch (Barnes et al., 2009) in the traditional MVS
method and designed a learning-based Patchmatch archi-
tecture, PatchmatchNet, which considerably saves com-
puting resources while maintaining reconstruction accura-
cy and has good comprehensive performance.

Imaging at great depths typically requires artificial
light sources, which inevitably results in inconsistent illu-
mination. Consequently, specific captured images will
contain shadow regions that are challenging for image en-
hancement algorithms to rectify fully. Furthermore, the

images
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restoration of 3D geomorphic information in a specific re-
gion necessitates processing many video images, and the
memory demands of the employed methodology are criti-
cal. In light of these challenges, this approach implements
a learn-based PatchmatchNet for multi-view 3D reconstru-
ction to reconstruct the 3D structure of typical landforms
rapidly and accurately.

The method is divided into four parts: camera pose es-
timation, depth map estimation, depth map fusion, and fi-
nally the reconstructed point cloud model. This study used
the structure from motion (SFM) method to calculate the
camera pose corresponding to the image as the input in-
formation of the PatchmatchNet depth map estimation.
The precise procedure is illustrated in Fig. 4.

PatchmatchNet was utilized to estimate the depth of
each image after obtaining the camera’s pose information;
the dense point cloud was subsequently reconstructed.
The primary components of PatchmatchNet, as illustrated
in Fig. 5, are the depth estimation module and the feature
extraction module. To expedite the computation of depth
maps, the feature extraction module employs a frame-
work resembling the feature pyramid network to extract
features in layers from multi-scale images. The depth esti-
mation module generates the final depth estimation map
after completing depth initialization, matching cost calcu-
lation and aggregation, depth map generation, and opti-
mization.

To obtain the depth information of the current pixel
more accurately, the network adopts the adaptive propaga-
tion method to propagate the assumed value of the depth
of the pixel in the neighborhood, input the feature infor-
mation of the reference image into the two-dimensional
demorphable convolution network (Dai et al., 2017), learn
the coordinates of the pixels in the same plane and the ex-
tra spatial offset of the current pixel, and estimate the
depth selection range of the pixels to be processed in the
next iteration:

Dp(p) = {D(p+xi+ A (12)
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feature extraction

.

-
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4
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|
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Fig. 4. Incremental SFM flow chart.
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where D, (p) is the desired depth hypothesis, D is the
depth map of the last iteration, x; is the fixed offset, Ax; is
the additional offset to be learned, and Np is the number of
neighborhood pixels.

During the network training procedure, the backpropa-
gation of parameters is accomplished by utilizing the loss
function, which subsequently directs the optimization of
model parameters. Equation (13) represents the loss func-
tion of PatchmatchNet, assuming » images are input:

3 g

Losstotal = Z Z Lossf + Lossyef,
k=1 i=1

(13)

where the total loss function is divided into two parts. The
first part is the difference Losst between the depth esti-
mate of the i iteration of Patchmatch and the true value of
the label in the &k (k = 1, 2, 3) stages of the network. The
second part is the difference Loss, . between the optimized
depth estimate and the true value. The total loss is ob-
tained by adding the two parts.

After the depth map is obtained, fusing the camera
pose and depth map information is necessary to convert
the depth map to the point cloud. Assuming that the pixel
coordinates of the image are (u, v), D is the depth value of
the pixel, the focal lengths of the camera are £, and f,, and
the pixel coordinates of the optical center are u, and v,
Eq. (14) is used to calculate the coordinates X, Y, Z_ of
the point cloud in the camera coordinate system:

(u—ugp)D
Xe=—F,
A
y, - =D (14)
s
Z.=D.

Using the rotation matrix R and the translation vector

T of the camera external parameters, the point cloud coor-
dinates X, Y, and Z, in the world coordinate system are
calculated by Eq. (15). The final 3D point cloud model is
obtained after the point clouds generated by all depth
maps are fused:

Xy X.
Yo | (R T\| Y
Zy ‘( 01 ) Z (15)
1 1

3 Results and discussion

3.1 Experimental environment and parameters

The hardware for this experiment consisted of an In-
tel(R) Core(TM) i5-12490 CPU processor, NVIDIA
GeForce RTX3060 GPU, and 12 GB video memory. The
other device is an Intel Core i5-12500H CPU model with
16 GB of RAM, NVIDIA GeForce RTX 3060 GPU, and
6 GB of video memory. The software is the Windows 10
operating system, Pytorch 1.13.0 deep learning frame-
work, and PyCharm development platform.

The data for this paper was sourced from authentic
video footage captured by the Jiaolong manned sub-
mersible on the sea floor, and the video parameters are
shown in Table 1. The dataset was constructed following
the process depicted in Fig. 2a under “Dataset Pro-
duction”. Initially, key frames were extracted from the
videos. Subsequently, the images were simply expanded
through data augmentation techniques such as flipping
and rotating. Finally, the images were annotated using the
Labelimg tool, yielding a total of 6 144 images along with
their corresponding labels. The data was then partitioned
into training, validation, and testing sets at a ratio of 7:1:2,
respectively.
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3.2 Algorithm performance analysis

3.2.1 Performance evaluation of image enhancement al-

gorithms

To verify the effectiveness of the proposed image en-
hancement method, we compared the proposed algorithm
with the multi-scale retinex with color restoration (MSR-
CR) algorithm (Jobson et al., 1997), the dark channel pri-
or (DCP) algorithm (Yuan et al., 2020), and the adaptive
gamma and contrast adjustment with weighted distribu-
tion (AGCWD) algorithm (Reinhard et al., 2001). The
outcomes of the comparison are illustrated in Fig. 6.

Compared with alternative image enhancement algo-
rithms, this approach substantially enhances both the con-
trast and color deviation of an image. The abundance of
feature information in an image indicates its depth of tex-
ture and structure data, which is advantageous for image
matching and recognition. The scale-invariant feature
transform (SIFT) algorithm is a well-established method
for extracting image features. The SIFT algorithm is uti-
lized to derive image feature points prior to and subse-
quent to enhancement to assess the capability of the pro-
posed enhancement method to recover image feature in-
formation. The experimental results are shown in Fig. 7.

After image enhancement using the proposed method,
the number of feature points significantly increased com-
pared with the original image, and the distribution in the
area of interest of the image was denser.

To further verify the effectiveness of the proposed al-
gorithm, we used the underwater image quality assess-
ment metrics (UIQM) index of the human vision system

Table 1. Video parameters

. . Frame rate Encoding Color
Resolution ratio

format method space

1920 x 1 080 25 H.264 RGB
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(Li et al., 2023) to evaluate the algorithm’s performance.
The comparative experimental results on the UIQM index
are shown in Table 2. The proposed method performs well
in enhancing deep-sea images. Specifically, regarding the
UIQM index, compared with the MSRCR, DCP, and
AGCWD algorithms, it increased by 73.65%, 103.81%,
and 155.85%, respectively.

The above experimental results show that the pro-
posed method can effectively enrich the feature informa-
tion of the image, and is conducive to improving the accu-
racy of the subsequent target detection model and 3D re-
construction model.

3.2.2 Accuracy evaluation of megafaunal identification

and counting algorithm

YOLOVS comes in various sizes and complexities, in-
cluding YOLOv5Ss, YOLOv5m, YOLOvVS5], YOLOvSx,
and YOLOv5n. YOLOvSn, which has the smallest num-
ber of model parameters, was selected in this study for
comparative experiments with similar algorithms to vali-
date the effectiveness of the proposed method. The com-
pared algorithms are Faster RCNN (Ren et al., 2017),
YOLOV3 (Jiang et al., 2021), YOLOvV7-Tiny (Ma et al.,
2023), and YOLOv3-Tiny (Li and Liang, 2021). This
study utilized the mean average precision (mAP) to mea-
sure the overall detection performance of the object detec-
tion algorithms, which is expressed as follows:

C
Z AP(n)
mAP = =1

x 100%, (16)

where AP refers to the average precision, and C denotes
the number of categories. Two commonly used metrics
are mAP, 5 and mAP ., 5. mAP 5 is calculated by set-
ting the IoU threshold to 0.5, meaning detection is consid-

Fig. 6. Algorithm comparison results. a. Original drawing, b. MSRCR, c. DCP, d. AGCW, and e. this method.
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Fig. 7. SIFT feature detection effect visualization. a. Image 1, b. Image 1 with enhanced algorithm, c. Image 2, d. Im-
age 2 with enhanced algorithm, e. Image 3, f. Image 3 with enhanced algorithm, g. Image 4 and h. Image 4 with en-

hanced algorithm (Table 2).

Table 2. Comparison of experimental results of the
UIQM index
Image Original MSRCR DCP AGCW This method
1 0.74 2.34 0.93 1.09 4.50
2 2.03 2.99 243 1.82 4.89
3 1.53 2.48 2.07 1.55 4.99
4 2.87 3.28 4.02 3.05 4.87
Average 1.80 2.77 2.36 1.88 4.81

ered a true positive when the IoU is above 0.5. mAP) 5., o5
is obtained by averaging the AP values over a range of
IoU thresholds from 0.5 to 0.95 with increments of 0.5.
The spatial complexity of an algorithm is measured by the
number of parameters (Params).

To validate the effectiveness of the method proposed
in this paper, the YOLOvV5n model utilized herein was
compared with Faster R-CNN, YOLOv3, YOLOv3-Tiny,
and YOLOv7-Tiny algorithms on the dataset introduced

in this study. The specific results of the comparative ex-
periments are presented in Table 3.

As indicated in Table 3, YOLOv5n has the fewest pa-
rameters among the compared algorithms, with only 1.8
million, yet it maintains a commendable detection accura-
cy. Its mAP, s and mAP ., ,s are close to those of the
most accurate YOLOV3. Therefore, considering the com-
plexity of the model and its detection performance, the
YOLOvV5n model used in this paper offered superior accu-
racy with relatively low complexity. It was able to achieve
high-precision detection of deep-sea organisms while
maintaining fast inference speeds.

The recognition effect diagram of the YOLOvVS mod-
el is illustrated in Fig. 8. The figure illustrates the model’s
effective detection capabilities for megafauna. The taxa
Poliopogon sp. and Keratoisididae sp. are enclosed in cir-
cles, with the target organism’s species name and confi-
dence level corresponding to each block. To further ana-
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lyze the applicability of the YOLOVS algorithm to the
dataset and assess the accuracy of this algorithm in identi-
fying the number of organisms, we detected and tested the
number and category of organisms in 50 images using the
YOLOVS algorithm and a manual recognition method, re-
spectively. The horizontal axis shows the serial number of
the experimental images, and the vertical axis shows the
number of creatures in the pictures. This paper presents an
instance where the manual enumerating the same organ-
isms’ number and category coincides with the automated
recognition of the said attributes.

The number contours of large deep-sea benthic organ-
isms, as identified through the YOLOv5n algorithm and
manual identification method, are depicted in Fig. 9. The

Table 3. Comparative experimental results of different
algorithms
Model mAP; /%  mAP; 55/%  Param/106
Faster RCNN 67.9 44.4 137.1
YOLOV3 94.9 79.1 61.5
YOLOV3-Tiny 93.9 74.5 8.7
YOLOvV7-Tiny 91.1 67.6 6.0
YOLOV5n 93.6 72.9 1.8
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similarity in trend between the test value curve and
ground truth curve suggests that the YOLOv5n algorithm
accurately identifies many characteristics of benthic or-
ganisms in the deep sea. Specifically, the number of or-
ganisms counted manually is equivalent to the number of
organisms identified automatically by the algorithm.

3.2.3 Performance evaluation of the 3D reconstruction
algorithm

The objective of 3D reconstruction is to provide re-
searchers with a visual representation of the topography of
a specific region. To assess the viability and efficacy of
this approach, we employed a subjective evaluation to ap-
praise the reconstruction outcomes qualitatively.

In general, the production cost of datasets for multi-
view 3D reconstruction methods based on deep learning is
prohibitive. Therefore, we used the PatchmatchNet pre-
trained model on the DTU (Aanes et al., 2016) dataset to
analyze the experimental data. The DTU dataset, pub-
lished by the Technical University of Denmark, is an ex-
tensive resource for multi-view 3D reconstruction. Com-
prising 128 meticulously calibrated scenes, the dataset
employs structured light scanning to capture objects from

.Fronchate: 250 ps
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o

Fig. 8. The recognition effect of YOLOVS5 at two locations in the Caiwei Guyot area.
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Fig. 9. Comparison of YOLOvVS5n test value and ground truth.

multiple perspectives as a benchmark within the domain
of multi-view 3D reconstruction.

Figure 10 presents the ground truth point cloud mod-
els of four distinct scenes from the DTU dataset, the point
cloud models generated by COLMAP (Schonberger and
Frahm, 2016), and those produced by PatchmatchNet.
COLMAP, an open-source tool for 3D reconstruction,
serves as a benchmark in the field of multi-view 3D re-
construction. As depicted in Fig. 10, the point cloud mod-
els reconstructed by PatchmatchNet exhibit greater in-
tegrity and more detailed recovery compared to those of
COLMAP, closely approximating the ground truth mod-
els. This comparison underscores the effectiveness of
PatchmatchNet.

The dense point cloud model produced by this method
after processing experimental data is shown in Fig. 11.
The reconstructed results are incredibly comprehensive,
restoring the majority of the topographic and geomorphic
data for the region. Figure 11a indicates that, despite the
challenges posed by minor oscillations caused by water
flow and the uniformity of surface color for feature ex-
traction, our algorithm can still effectively reconstruct the
sponge, and the resulting model possesses a high degree
of recognizability. By rotating the 3D model, researchers

can conduct a more comprehensive analysis of the cliff’s
steepness. The alternating distribution of fine gravel and
gravel blocks in the area is illustrated in Fig. 11b. The 3D
model is utilized to depict the extent of gravel protrusion,

Scan32

Scan33

Scan48

Scan77

/

-

Ground truth COLMAP PatchmatchNet

Fig. 10. Comparison between the ground truth and the
reconstructed point cloud.

Fig. 11. Part of the microgeomorphic 3D reconstruction result.
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enabling researchers to comprehend the microgeomor-
phic information more intuitively. The experimental re-
sults validate the viability of the reconstruction method
and show the robustness of PatchmatchNet across various
application scenarios.

3.3 Species composition

The megafaunal identification and counting algorithm
based on YOLOVS identified ten classes of organisms and
six phyla in the Caiwei Guyot region. The specific find-
ings of the survey are presented in Table 4. As shown in
the table, the proportion of Hexactinellida that comprised
the majority of this survey was 32.56%. Following this,
the Anthozoa comprised 16.73%. The least common ani-
mal in this survey is Polychaeta. Furthermore, in adher-
ence to the class classification standard, we constructed
the bar chart shown in Fig. 12 to provide a more direct vi-
sualization of the organism composition.

3.4 Main groups and dominance

In this study, McNaughton (Chen et al., 2009) (¥) was
used to reflect the dominance of an organism. Y repre-
sents the degree of dominance of a particular species in
the community, and species with ¥ > 0.02 are dominant
species in the community. The statistical results are shown
in Table 5. Based on the results in the table, the most
dominant group of Hexactinellida is followed by Antho-
zoa, and the most vulnerable group is Echinoidea. Simi-
larly, we normalized the dominance and produced a nor-
malized dominance pie chart, as depicted in Fig. 13, from
which the same conclusion can be observed.

3.5 Spatial distribution characteristics

The biological distribution was analyzed based on var-
ious regions, including the south peak, the south slope, the
western foothills, the north peak, the north mountain
slope, the west side of the seamount, and the northern
foothills. A histogram depicting the distribution of organ-
isms in these areas was generated as a result of the analy-
sis, as shown in Fig. 14.

South peak (75th dive): The south peak includes As-
teroidea, Chordata, Malacostraca, Anthozoa, and others.
The organisms that were observed are dispersed, lacking
any conspicuous high-value regions.

South slope (76th dive): The south slope revealed sev-
eral significant groups, including Porifera and Chordata,
followed by Asteroidea, Crinoidea, Holothuroidea, and
others. Furthermore, microscopic Malacostraca and An-
thozoa were observed, and the species diversity was
greater than that observed on the opposite side of the
mountain. Numerous organisms are present, with Porifera
and Actinopterygii constituting the majority. Chordata and
Malacostraca are prevalent, whereas Porifera, Holothuro-
idea, Asteroidea, and Crinoidea are uncommon.

Western foothills (77th dive): There is less biodiversi-
ty and diversity compared with the tops and slopes of the
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Table 4. Species composition

Phylum Class Order/family/genus  Number
Porifera  Demospongiae  Callyspongiidae sp. 41
Cladorhizidae sp. 3
Chondrocladia sp. 3
Hexactinellida Caulophacus sp. 16
Poliopogon sp. 19
Hyalonema sp. 12
Corbitellinae sp. 17
Bolosoma sp. 5
Rhizophyta sp. 4
Tretopleura sp. 3
Saccocalyx sp. 1
Semperella sp. 106
Cnidaria Anthozoa Chrysogorgia sp. 5
Fungiacyathus stephanus 1
Primnoidae sp. 14
Actinoscyphia sp. 1
Keratoisididae sp. 56
Iridogorgia sp. 6
Bathypathes sp. 3
Actinostolidae sp. 3
Actiniaria sp. 5
Annelida Polychaeta Phyllodocida sp. 1
Polynoidae sp. 2
Arthropoda Malacostraca Heterocarpus sp. 17
Aristeidae sp. 18
Nematocarcinus sp. 4
Echinodermata  Crinoidea Crinoidea sp. 9
Hyocrinidae sp. 3
Bathycrinidae sp. 4
Pentametrocrinidae sp. 7
Asteroidea Freyastera sp. 7
Pterasteridae sp. 1
Asteroidea sp. 1
Freyellidae sp. 8
Freyastera basketa 5
Brisingidae sp. 2
Freyastera mortenseni 1
Echinoidea Echinoidea sp. 8
Holothuroidea Paroriza sp. 1
Hansenothuria sp. 2
Paelopatides sp. 32
Synallactidae sp. 13
Psychropotes sp. 11
Elpidiidae sp. 5
Enypniastes sp. 2
Molpadidemas sp. 4
Holothuroidea sp. 1
Peniagone sp. 1
Benthodytes sp. 3
Chordata  Actinopterygii  Aldrovandia afinis 10
Ophidiiformes sp. 9
Synaphobranchidae sp. 13
Halosauridae sp. 9
Ophidiidae sp. 15
Macrouridae sp. 6
Abyssoberyx sp. 3

seamount. The main groups are Porifera and Holothuro-
idea, Chordata, Malacostraca, Anthozoa, and Asteroidea.
These are small individual organisms with low abun-
dance and sporadic distribution.
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Fig. 12. Number of main groups.

North peak (78th dive): The most important groups
are Anthozoa, Holothuroidea, and Chordata, which are di-
verse and relatively abundant. In addition, Porifera, Cri-
noidea, and Malacostraca classes are common. At 2 400—
2 250 m, mainly Porifera and Anthozoa are present. At
2 250-1 900 m, Chordata and Holothuroidea are the main
organisms. From 1 900 m to 1 850 m, there are few organ-
isms, mainly Anthozoa, Porifera, and Asteroidea.

The first section of the north slope (79th dive): The
main groups are Anthozoa and Porifera, in addition to As-
teroidea, Crinoidea, Malacostraca, Holothuroidea, Chor-
data, and other groups. Anthozoa is the most abundant and
occurs in groups on overhanging banks and boulders.

The second section of the north slope (80th dive):
Porifera is the main group in this region. In addition, there
are Anthozoa, Asteroidea, Holothuroidea, Crinoidea,

Table 5. Main groups and dominance

Class Degree of dominance
Demospongiae 0.005
Hexactinellida 0.05

Anthozoa 0.03
Polychaeta 0.004 3
Malacostraca 0.008 2
Crinoidea 0.006 4
Asteroidea 0.007
Echinoidea 0.002
Holothuroidea 0.008
Actinopterygii 0.01

Malacostraca, and Chordata. Due to the depth of the wa-
ter, the number of giant benthos is small, sporadic, and oc-
casionally observed attached to some Porifera organisms,
such as anemones and Crinoidea.

. Demospongiae  3.8%
B Hexactinellida  38.2%
Anthozoa 22.9%
Polychaeta 3.3%
. Malacostraca 6.3%
. Crinoidea 4.9%

. Asteroidea
. Echinoidea
. Holothuroidea

. Actinopterygii

5.4%
1.5%
6.1%
7.6%

Fig. 13. The percentage distribution of main groups.
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Fig. 14. Number of main groups in each region. a. South peak, b. south slope, c. western foothills, d. north peak, e.
first section of the north slope, f. second section of the north slope, g. west side of the seamount, and h. northern

foothills.

West side of the seamount (81st dive): Porifera is the
main group, with many organisms observed. In addition to
Porifera, Anthozoa, Asteroidea, Crinoidea, Holothuroidea,
Echinoidea, Malacostraca, and Chordata are present. From
2 100 m to 1 880 m, the sediment is primarily rocky, cov-
ered with more sediments, and the number of organisms is
small, mainly Porifera. From 1 880 m to 1 570 m, there
were sheets of crust, and many organisms, especially
Porifera, appeared in groups at the cliff. There were more
than 20 Porifera in one field of view. In addition to
Porifera, we observed Anthozoada, Asteroidea, Crinoidea,
and Chordata.

Northern foothills (82nd dive): There are more species
of Porifera and Holothuroidea, and the biodiversity is sig-
nificantly greater than in the western foothills. In addition,
there are Asteroidea, Chordata, Red Malacostraca, armor
Malacostraca, and others. Porifera and Holothuroidea are
more abundant than in the western foothills.

3.6 Geomorphologic features

Assisted by the designed 3D reconstruction algorithm,
it was found that the Caiwei Guyot is roughly elliptical in
shape, with a long axis from northeast to southwest. It is
approximately 130 km long and consists of broad and
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gentle summit platforms and steep slopes, with a total area
of approximately 11 516 km2. The depth of the foot of the
seamount is 5 500 m, and it develops into two flat-top
seamounts at a shallow depth of 3 000 m. Among them,
the Caiwei Guyot is a large flat-top mountain in the north-
east, with a water depth of 1 500—1 650 m at the edge of
the summit platform. The Caiwei Guyot is a small flat-top
mountain in the southwest, with a water depth of 1 850—
1900 m at the edge of the summit platform. The sec-
ondary landform of the seamount includes three types: a
summit platform, hillside, and intermountain valley. The
two hilltop platforms are very flat, with an area of approx-
imately 1 912 km? and 125 km?2. The overall topography
of the sea slope is steep, and its three-level landform can
be divided into four types: gentle slope, slope, steep slope,
and precipitous slope. Many small ridges and hills devel-
oped.

By leveraging 3D reconstruction technology, a more
intuitive analysis of the seamount’s geomorphologic char-
acteristics can be achieved. For instance, Fig. 15 depicts a
3D model of a region situated on the southern slope of the
Caiwei Guyot, where the water profundity ranges from
approximately 1530 m to 1825 m. The model predicts
the presence of a mixture of sizable and minute gravel in-
clusions within this region, with a reduced quantity of
sediment. The water depths for Figs 15a, b, and ¢ are ap-
proximately 1 556 mto 1 530 m, 1 566 m to 1 556 m, and
1 825 m to 1 566 m, respectively. The landforms of this
area are comparatively level, consisting primarily of plate
and gravel crusts with minimal sediment cover, as illus-
trated in Fig. 15a and Fig. 15b. With the transition from
plate crust to gravel crust, the topography in Fig. 15¢ is

1556-1530m

Fig. 15. 3D reconstruction results of part of the Caiwei
Guyot area. The water depths in a, b, and ¢ are approxi-
mately 1 556 m to 1 530 m, 1 566 m to 1 556 m, and
1 825 mto 1 566 m, respectively.
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relatively flat, and the distribution range is relatively re-
stricted. There is an increase in sediment.

Generally, the summit exhibits a level topography, en-
tirely enveloped in sediment and devoid of any exposed
crust. The plate is a predominant crust type on the steep-
est slope, where the crust is more continuous, and a por-
tion of the crust surface is covered with sediment. A
marginal quantity of plate crust may intermittently mani-
fest along the slope characterized by a slight gradient,
where sediment is prevalent. Cobalt-rich nodules appear
on the steep hillside between 3 500 m and 4 000 m. Sedi-
ment covers the outcrop, rendering its appearance and
form obscure. At times, the crust manifests itself, and the
substructure becomes apparent.

4 Conclusions

This study investigated the megafauna and landform
characteristics of the Caiwei Guyot region via data-driven
technology. In summary, the findings of this research are
as follows.

(1) We developed a megafaunal identification and
counting algorithm based on YOLOVS5, specifically tai-
lored to identify and enumerate megafauna in the Caiwei
Guyot region. This algorithm effectively categorizes and
tallies megafauna with precision, significantly enhancing
the efficiency of analyses related to biological species
composition, dominance, and distribution patterns.

(2) Our research has yielded a 3D reconstruction algo-
rithm for landforms utilizing PatchmatchNet. This algo-
rithm accurately captures the terrain’s characteristics in a
3D format, thus improving researchers’ ability to intu-
itively grasp and comprehensively analyze the area’s to-
pographical features.

(3) From a novel perspective, our study accurately and
efficiently unveiled the unique geomorphic features and
the rich biodiversity of megafauna in the Caiwei Guyot
area, contributing to intelligent deep-sea biological and
geological research advancement.

(4) The Caiwei Guyot area exhibits an exceptional
level of biodiversity. Hexactinellida is the most dominant
group of giant benthos on the seamount, characterized
by many abundant populations, accounting for 32.56%
of the total number of organisms counted in this study.
They predominantly inhabit the seamount’s west, south,
and north sides. Anthozoa constitute the second most
dominant group, accounting for 16.73% of the total
number of organisms counted in this study, primarily
found on the eastern and northern slopes. Other signifi-
cant groups include Holothuroidea, Actinopterygii, and
Malacostraca.

(5) The overall steep sea slope is punctuated by nu-
merous small ridges and hills, with the terrain further clas-
sified into gentle, steep, and precipitous slopes. The sum-
mit platform of the Guyot features an extremely flat to-
pography, contrasting with the surrounding slopes.
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