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Abstract

Corals are the primary habitat-building life-form on
reefs that support a quarter of the species in the ocean.
A coral reef ecosystem usually consists of reefs, each of
which is like a tall building in any city. These reef-building
corals secrete hard calcareous exoskeletons that give them
structural rigidity, and are also a prerequisite for our accu-
rate 3D modeling and semantic mapping using advanced
photogrammetric computer vision and machine learning.
Underwater videography as a modern underwater remote
sensing tool is a high-resolution coral habitat survey and
mapping technique. In this paper, detailed 3D mesh models,
digital surface models and orthophotos of the coral habitat
are generated from the collected coral images and underwa-
ter control points. Meanwhile, a novel pixel-wise semantic
segmentation approach of orthophotos is performed by ad-
vanced deep learning. Finally, the semantic map is mapped
into 3D space. For the first time, 3D fine-grained semantic
modeling and rugosity evaluation of coral reefs have been
completed at millimeter (mm) accuracy. This provides a
new and powerful method for understanding the processes
and characteristics of coral reef change at high spatial and
temporal resolution under climate change.

1. Introduction

Coral reefs, as the most prominent and representative
ecosystems in clear warm tropical and subtropical oceans,
possess astonishing biodiversity and structural complexity,
as well as extremely high primary productivity [30, 8]. The
coral reef ecosystem is an essential natural resource - for hu-
manity and all marine ecosystems. But while resources are
strictly finite, human demands are not. Ecologists see them
as the upper limit of what marine ecosystems can evolve
to, always comparing them to tropical rainforests on land.
The coral reef biome is the basic structure of the coral reef
ecosystem, which is composed of scleractinian corals, reef-
building algae, and a rich variety of reef-dwelling animals

and plants. Coral reefs are facing increasing stress from
global climate change combined with local stresses from
sedimentation, resource extraction, over-fishing and other
sources of land-based pollution [22, 12]. Today, this has led
to events such as coral degradation, increased ocean flood-
ing, and loss of coral reef flora and fauna. 14% of corals
have been lost over the past decade, and if humans cannot
control global warming to within 1.5° in 2050, 70-90% of
corals will be lost [32, 1, 38]. These factors that affect coral
reef health and sustainability are diverse. How much pres-
sure does the coral reef endure and how can we minimize it?
Both public and private organizations can play a vital role
in protecting our coral reefs, and understanding is the first
step. Therefore, in order to explore the fascinating under-
water world of coral reefs, how to use advanced technology
to map, monitor and model coral reef habitats is the key
to our better understanding, protection and preservation of
coral reefs. Considering the potential for these stressors to
increase the rate of coral degradation to dire levels, ecolo-
gists and administrators worldwide are shifting their focus
from prevention to identifying key mechanisms controlling
reef resiliency and determining where coral reefs will be the
most viable in the future. So, identifying habitats with the
highest survival potential is critical to coral reef conserva-
tion and finding these refuges requires long-term observa-
tions of coral reefs to identify these potential habitats.

Manual local in situ underwater surveys have long been
the primary method for assessing coral distributions and
growth health, but it requires a substantial investment of
time during a field diver survey, this limits the spatial and
temporal scales over which ecological surveys can be con-
ducted [51]. In the past decade, new methods for mapping
benthic habitats have been developed using satellite and
aerial photogrammetry and remote sensing. These methods
can quickly provide information on large-scale coral moni-
toring projects and enable the identification of different ben-
thic function types on coral reefs, but they cannot provide
detailed observations of coral complex structures due to the
water surface effect [51, 10]. The emergence of underwater
photogrammetry and unmanned underwater vehicles have
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greatly improved the data collection method of in-water sur-
veys, providing a millimeter-level high-resolution monitor-
ing capability for coral reef observation and allowing us to
observe even individual corals [23, 19, 35]. However, it
also brings data processing bottlenecks and technical com-
plexity that are difficult to be processed manually by tradi-
tional means [6]. Fortunately, recent rapid advances in the
repeatability and availability of photogrammetric computer
vision and machine learning automated tools have gradu-
ally been removing some of these barriers [20]. This has the
potential to address the long-standing challenges of moni-
toring rapid changes in coral reefs with high spatiotemporal
resolution and reproducibility, and help us understand coral
reef vulnerability and resilience in the face of global and
local stress, especially global climate change [4, 33].

To implement fine-grained understanding of coral reef
growth variations, and to serve the long-term monitoring of
coral reefs, we propose a new approach from a new per-
spective, which combines the technical advantages of pho-
togrammetric computer vision and machine learning. The
advanced photogrammetric computer vision technology is
applied first to reconstruct the coral reef in 3D, and outputs
products including high-resolution and high-accuracy un-
derwater digital surface models (DSM), orthophotos and 3D
meshes. A novel neural network for semantic segmentation
of underwater coral images using orthophotos and DSMs is
then developed. Finally, based on these results from differ-
ent periods, the coral reef growth variations can be intelli-
gently analyzed in a three-dimensional fashion which will
help marine ecologists a lot.

2. Related works
Photogrammetric Computer Vision: In photogram-

metric computer vision, many approaches are providing
new automated image processing tools to generate high-
resolution 3D models for capturing the spatial structural
complexity of coral reef ecosystems [15, 9]. However,
historically coral cover has been a biological indicator of
resilience that the scientific community has primarily fo-
cused on. Coral reefs have often been studied as a two-
dimensional system at this time. It is clear that the per-
cent cover indicator is not sufficient to reflect the struc-
tural complexity of coral reefs, which constitute the diver-
sity and importance of the ecosystem, and structurally com-
plex coral reefs should be studied most accurately in three-
dimensional space [16]. The 3D rugosity index is a useful
metric to assess the structural complexity of reefs at small
to medium spatial scales linked to the high diversity of or-
ganisms on reefs [4, 18]. The Vector Ruggedness Mea-
sure is a widely used surface roughness metric that incor-
porates the variation of slope and aspect into a single mea-
surement [44, 39]. Over the past decade, Simultaneous Lo-
calization and Mapping (SLAM) or Structure-from-Motion

(SfM) techniques were used to process the underwater coral
images to obtain 3D reconstructions of coral reefs, and em-
ployed to better understand the spatial clustering of species,
the effects of disturbance on coral reef complexity and com-
munity structure [24].

Coral Image Segmentation: The advances in machine
learning have resulted in significant progress in image seg-
mentation and object classification. In machine learning,
more recently progress has been made in training auto-
mated classifiers to classify or segment underwater images
to count the species abundance in marine ecosystems [20].
For example, traditional machine learning methods (SVMs,
k-nearest neighbor, etc.) and deep learning are used to es-
timate coral percent cover: the percentage of surface oc-
cupied in the surveyed area by a given taxa or substrate
when viewed from overhead [20]. These classifiers can ob-
tain promising results for most classes of coral reefs based
on local texture and color features. The best perform-
ing traditional machine learning classifiers (SVMs) have
high classification accuracy on abundant classes, reaching
around 80%, but their accuracy drops drastically on less
common classes and can only resolve coral classes to the
genus or functional group level [7]. Recently, Convolu-
tional Neural Network (CNN)-based classifiers have shown
promise over SVM-based classifiers for segmenting coral
images [2]. Patch-based CNN approaches are a major kind
of deep learning methods for semantic segmentation [25].
However, it is important to note that the granularity of clas-
sification is not fine enough with a patch-based CNN model
since it gives a single class label for an entire patch within
an image. [25, 48, 27] present the Fully Convolutional
Neural Network (FCNN) model, which represents modifi-
cations of traditional CNNs to output full semantic segmen-
tation of input images at the pixel level. Unlike patch-based
CNN models, FCNN models have no limitations on local-
ization accuracy, and they provide a classification for each
individual pixel within an image. Furthermore, advanced
classification techniques have been applied to classify 3D
coral reef reconstructions, which can provide new insights
into the spatial distribution relationships among coral taxa
and offer more realistic representations of the biomass of or-
ganisms in coral reef systems compared to two-dimensional
metrics such as coral percent cover [20, 15]. However,
they did not consider the use of underwater control points
in the classification of 3D coral reconstruction, and did
not use pixel-wise semantic segmentation results to analyze
changes intraspecific and interspecific of corals, which led
to the inability to accurately monitor changes of coral reefs
with high spatial accuracy at different times. Of course,
the previous works effectively mitigate a fundamental prob-
lem limiting the study of coral reef ecology: the difficulty
of generating accurate and reproducible semantic maps of
coral reef habitats.
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Figure 1. A workflow for the fine-grained understanding of coral
reef growth variations.

3. Materials and methods

Our approach for fine-grained understanding of coral
reef growth variations is shown in Figure 1. First, pre-
pare data, including preprocessed underwater images and
measurements related to ground control points (GCPs).
Next, import data to the photogrammetric computer vi-
sion program, and obtain a set of products, i.e., sparse
point cloud, dense point cloud, mesh model, orthophoto
and DSM. Then orthophotos and DSMs are used to clas-
sify coral reefs through deep learning methods, and DSMs
can also be used to calculate the reef height changes and
surface roughness. Finally, we get a variation monitor-
ing measurements about coral reefs from the above differ-
ent processing phases, which are provided to coral ecolo-
gists for further analyses from different perspectives. Our
source code can be found at https://github.com/Atypical-
Programmer/Coral-3D-Analysis-Toolbox.

3.1. Data acquisition and preprocessing

This study is supported by Moorea Island Digital
Ecosystem Avatar (IDEA) project, and Moorea is a volcanic
island in French Polynesia. It is an atoll with about 10 en-
closed coral reefs surrounding the entire island. Richard B.
Gump South Pacific Research Station on the west coast of
Cook’s Bay which is home to the Moorea Coral Reef Long
Term Ecological Research Site (MCR LTER), part of a net-
work established by the U.S. National Science Foundation
in 1980 to support research on long-term ecological phe-
nomena. This is an excellent location for coral monitoring
in the South Pacific, and has a wide variety of coral obser-
vational data. The data for this study came from underwater
remote sensing imagery collected in cooperation with the
Gump Station. This data collection is located at the fore

Figure 2. Underwater coral data acquisition locations and some
key field work scenarios.

reef in Figure 2, which is the outside part of a reef seaward
of the reef crest (or reef edge) facing the open sea. For the
implementation of underwater remote sensing of coral reefs
in Moorea Island, an underwater camera system is designed
to collect underwater coral images. The height of the cam-
era from the benthos is about 2m. The underwater photos
were taken in August 2018 and August 2019, respectively.
Due to the complex lighting in underwater imaging, we per-
formed radiometric correction on the acquired images [34].

In the study area, Pocillopora coral is an absolute dom-
inant coral species and mainly affected by climate change,
which is used as an example to conduct coral semantic seg-
mentation and change monitoring analysis. Furthermore,
the orthophoto is used by experts to annotate as training
data and ground truth for coral image segmentation. Every
pixel in the orthophoto is assigned to one of the following
three categories: (1) live Pocillopora, (2) dead Pocillopora,
and (3) background (other corals, sea rods, algae, stones,
sand, etc.). The establishment of GCPs on the coral seabed
in the study area is crucial to improving the accuracy of
photogrammetry, and is also conducive to the monitoring of
changes in the three-dimensional spatial structure of corals
at different times. In our study area, there are five GCPs,
each of which corresponds to a unique pattern that can be
automatically recognized and measured by program. GCPs
not only define a unique datum over all measurement peri-
ods but also are supporting the procedure of self-calibration
in bundle adjustment.

3.2. Generation of orthophotos and DSMs

The orthophotos and DSMs are produced using a pho-
togrammetric computer vision program based on Open-
DroneMap [5] which is a rapidly evolving community-
based open-source photogrammetry program for process-
ing and analyzing imagery. OpenDroneMap is a power-
ful tool to generate high-precision DSM and orthophoto
with photography [41], and can run on all major operat-
ing systems. In OpenDroneMap, one of the key technolo-
gies for reconstruction is SfM. As the model obtained by
computer vision-based SfM is initially captured in an ar-

188



Figure 3. An example for comparison of the matched correspon-
dence of OpenDroneMap and AdaLAM.

bitrary reference system [43], it is hard to quantitatively
compare two models built with images from the different
times at the same place, which will fail to meet the require-
ments of further analyses such as height changes at different
times. Therefore, it is crucial to perform geo-referencing
that transforms this initial arbitrary datum into a predefined
coordinate reference system. We used underwater GCP
landmarks, and established an underwater geodetic control
network using green lasers for leveling and distance mea-
surement equipment (Figure 2). These landmarks are vis-
ible on the images, for which the geospatial position (lat-
itude, longitude and altitude) are known. Every GCP can
be observed in one or more images. GCP observations are
used to align 3D models and refine reconstructions, turning
a free-network model into an aligned model [49].

In the feature extraction stage, in order to obtain more ac-
curate Aerial Triangulation (AT) results, we have improved
OpenDroneMap. Specifically, we adopt Root SIFT [3]
which can improve the performance of SIFT [28] and is
obtained by L1 normalizing the SIFT descriptors and tak-
ing the square root of each element. In the original Open-
DroneMap, Fast Library for Approximate Nearest Neigh-
bors (FLANN) [31] is applied for feature matching during
aligning images. In this study, we use the approach Adap-
tive Locally-Affine Matching (AdaLAM) [13] to substitute
it, for the reason that it has been proved to be more than
competitive to the current state of the art, both in terms
of efficiency and effectiveness. As shown in Figure 3, us-
ing AdaLAM for feature matching results in more correct
correspondences and fewer wrong correspondences, which
makes the reconstruction more robust. From the experi-
ments, AdaLAM can generate nearly 20% correct corre-
spondences. The photogrammetric computer vision work-
flow based on tools of OpenDroneMap is shown in the blue
flowchart in Figure 1. After importing the coral images and
GCP coordinates, the images are aligned at first with geo-

Figure 4. The architecture of MMCS-Net.

graphical information. By using SfM technology, the posi-
tions and orientations of cameras are estimated accurately,
and the sparse 3D point cloud of reefs is also generated.
Next, through Multi-View Stereo (MVS) 3D reconstruc-
tions [45] , the point cloud is densified. Then, the dense
point cloud is converted into a triangular mesh model using
the surface reconstruction method. After building the mesh,
orthophoto and DSM can be generated.

3.3. Coral orthophoto segmentation

In the previous study [37], the coral image segmenta-
tion is applied on orthophotos which are RGB images. The
coral segmentation using orthophotos has many advantages,
because orthophotos can incorporate information of the ac-
tual metric scale, depth and the geographical coordinates,
and reduce labeling time. Some achievements on this have
been made over the past years, but there is still vast room
for improvement, particularly when faced with challenging
factors, such as complicated backgrounds or different light-
ing conditions in the scenes. It is hard to segment coral
precisely only with RGB images. One effective way to
overcome these challenges is to employ height, which can
provide RGB images with the information contained in the
complementary spatial structure of the coral reef. There-
fore, we propose the Multi-Modal Coral Segmentation Net-
work (MMCS-Net) which takes patches of the orthophoto
and DSM as the input and outputs the coral segmentation
result at pixel level.

As DeepLabv3+ [14] has been proven to achieve the
state-of-the-art performance in many previous studies, we
decide to build our network based on its architecture.
DeepLabv3+ combines the advantages of encoder-decoder
architecture and atrous spatial pyramid pooling (ASPP)
which can capture rich contextual information from images
at various resolutions, and also introduces the idea of depth-
wise separable convolution [21], which reduces the number
of parameters while improving both running speed and clas-
sification performance. To leverage the information from
DSM, the input is converted from RGB images to RGB im-
ages + DSM via channel-wise concatenation. Considering
the characteristics of DSM data, we apply the Shape-aware
convolutional layer (ShapeConv) [11] to replace the vanilla
convolution layers in the original backbone for processing
the height feature. The ShapeConv can effectively lever-
age the shape information of patches to integrate the RGB
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and depth cues. Specifically, the height feature is decom-
posed into a shape-component and a base-component which
will cooperate with two learnable weights and be combined
by a convolution. It has been proved that the CNNs with
ShapeConv can have better performance without introduc-
ing any computation and memory increase in the inference
phase. The architecture of our segmentation network is
shown in Figure 4.

As for the loss function, the Cross Entropy (CE) [50]
loss is one of the most widely used losses in semantic seg-
mentation. Cross-entropy is defined as a measure of the
difference between two probability distributions for a given
random variable or set of events, but it does not consider the
labels of neighborhood and it weights both the foreground
and background pixels equally [40]. To obtain high-quality
regional segmentation, we apply a hybrid loss for training:

L = LCE + µLIoU (1)

where LCE and LIoU denote CE loss and IoU loss, respec-
tively. And µ is a hyperparameter. We found that µ=0.4
yields good results in practice and we set µ to this value.
IoU is originally proposed for measuring the similarity of
two sets, and can be used as the training loss [29]. CE loss
is pixel-wise, and IoU is a map-level measure. When com-
bining these two losses, we utilize CE to maintain a smooth
gradient for all pixels, while using IoU to give more focus
on the foreground.

3.4. Height changes and surface roughness

As the georeferenced DSMs from different years have
been generated, we subtract them from each other to esti-
mate height changes. The surface height changes over the
coral reefs can directly reflect coral growth or degradation
during these years and provide reference for the study of
the long-term changes in coral reef ecosystems. For exam-
ple, monitoring disturbance events such as El Niño lead to
changes in coral mortality and growth.

The surface roughness is also a critically important mea-
sure of reef condition [4]. This metric is usually computed
for a square window to quantify the amount of vertical vari-
ation in the surface relative to a flat representation of the
same region. In marine ecological studies, rugosity is a gen-
eral parameter because it defines the physical structure of
the reef and often correlates positively with the abundance,
biomass, and species richness of reef fish [26]. The Vector
Ruggedness Measure (VRM) [44] is applied here to investi-
gate spatial patterns derived at high spatial resolution. The
VRM incorporates variation of slope and aspect into a sin-
gle measurement. For each cell in a user-defined floating
window, a unit vector orthogonal to the cell is decomposed
using the 3D location of the cell center along with the slope
and aspect. The magnitude is standardized by dividing the
number of cells in the neighborhood. Finally, the value is

scaled with 0 representing flat and 1 as the most rugged [4].
Specifically, the DSMs are imported into ArcMap 10.7, and
VRM is calculated using the Benthic Terrain Modeler tool
(BTM) [47]. For the reason that VRM is computed for a
square window region, it is inherently dependent upon the
scale. In order to assess any measurement scale-dependent
relationships, VRM should be calculated with different win-
dow sizes for a full-range investigation of scales from indi-
vidual polyps to colony scales [39]. In the past, sonar and
other sensors were used to obtain submarine DSM. In this
paper, high-precision photogrammetry technology was used
to generate fine coral habitat DSM, which is not only low-
cost, but also avoids the limitations of using sonar and other
equipment in shallow water areas.

4. Experimental results and discussions
4.1. Photogrammetric products

All coral images collected from the survey are used to
generate orthophotos and DSMs. In the photogrammetric
process, four GCPs are considered for the geo-referencing
process, while the remaining one serves as the check point
for accuracy verification. Every GCP can be observed by
more than ten images, and their precise 2D coordinates in
the image plane are measured. The root mean square errors
(RMSE) of check points for the two years are calculated
for quality assessment. The horizontal errors are within
4mm, and the total errors are within 5mm. With the use of
GCPs, the 3D reconstruction can all be finished with an ab-
solute scale, and maintain accuracy and consistency within
the model.

On this foundation, subsequent processes can be carried
out. For the sake of fine-grained understanding of coral
reefs, the orthophotos and DSMs with a resolution of one
millimeter are generated finally. Besides, as for subsequent
analyses, there are also intermediate products, including a
dense point cloud comprising ten millions of points and a
triangular mesh containing ten millions of faces. Conse-
quently, we obtain products with extremely high resolution
and high accuracy for fine-grained understanding of coral
reef growth variations.

4.2. Pixel-wise coral segmentation with the trained
neural model

The programs for coral segmentation run on a desktop
computer equipped with an NVIDIA GeForce RTX 2080Ti
card and 64GB RAM. The networks are implemented with
PyTorch deep learning library [36]. For the preparation of
the dataset, the orthophoto is clipped into a set of 448 *
448 tiles through a sliding window with stride 224. For our
study area, almost 2000 tiles can be obtained from one or-
thophoto. Then the dataset is augmented by random trans-
lation and rotation. For the validation procedure, a five-fold
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Figure 5. Outputs of different models for a given input.

Method mPA mIoU

Model A (DeepLabv3+) 89.9% 80.5%
Model B 90.8% 82.1%
Model C 91.6% 83.5%
MMCS-Net 92.2% 84.7%

Table 1. Performance comparison.

cross-validation is performed. The data used to train the
model are split into five equal parts (folds). Each fold was
used once as a validation while the remaining folds were
used to train and run the model. The model was run five
times and each time the accuracy and loss were calculated.
As for the evaluation metrics, the results are reported using
Mean Pixel Accuracy (mPA) and Mean Region Intersection
over Union (mIoU) [17]. The metrics from multiple tests of
each model are averaged for comparison.

To validate the effectiveness of the added DSM and our
improvement, we test four models for ablation experiments
(1) Model A: use DeepLabv3+, and only input orthophoto;
(2) Model B: use DeepLabv3+, and input orthophoto and
DSM; (3) Model C: use DeepLabv3+, replace convolu-
tional layers in the backbone with ShapeConv, and input or-
thophoto and DSM; (4) Our Model MMCS-Net. Model A,
B and C are supervised by CE loss, while MMCS-Net is su-
pervised by hybrid loss. The results in Table 1 illustrate that
the DSM can help to achieve more accurate segmentation,
and ShapeConv is more capable to process DSM data to
make use of height information. Our method (MMCS-Net)
has the best performance due to the above improvement and
hybrid loss. Figure 5 illustrates the semantic segmentation
results of different models. Model A suffers from poor light
caused by occlusions, and Model B performs a little better
with the use of height information. By the comparison of
Model B with Model C, it can be concluded that ShapeConv
can improve the segmentation in edge areas by making bet-
ter use of structure information than vanilla convolution.
Specifically, this is because ShapeConv yields a positive
tendency for smoothing neighborhood regions within the
same classes [11]. MMCS-Net achieves the best perfor-
mance with the application of ShapeConv and a hybrid loss.
Due to the supervision of IoU loss, MMCS-Net has a better
effect on the whole.

Displaying coral reefs with complex spatial structures in
2D images is neither intuitive nor discoverable in their rich

Figure 6. Visualization of the coral mesh models textured with
masks from semantic segmentation.

detail, so it becomes natural to consider about 3D visualiza-
tion. We project segmentation masks from 2018 and 2019
in the study area obtained from the trained neural model
above to the corresponding mesh models, as shown in Fig-
ure 6. From the models in Figure 6, we can see the coral
reef growth variations clearly. This will help ecologists a
lot to study corals in a three-dimensional, understandable
and intelligent way. In Figure 6, the dark pink labels are
live Pocillopora corals, the light pink labels are dead Pocil-
lopora corals, and the others are the background segmented
by us. We can find a lot of bleaching or dying of Pocillopora
corals from 2018 to 2019. Pocillopora corals are globally
representative and are the first to be affected by the ongo-
ing heatwaves of the oceans. The coral data studied in this
paper were collected in late August 2018 and 2019 through
underwater remote sensing technology, respectively. Ac-
cording to scientists at UC Santa Barbara, the heat wave of
Moorea Island, which started in December 2018 and lasted
until May 2019, was one of the strongest marine heat waves
they have observed in the past 30 years [46]. They report
that the prolonged heatwave, exceeding 29 degrees Celsius,
caused about half of the Pocillopora corals to bleach or die.
This is in good agreement with the coral variation data ex-
tracted in this paper, showing the value of our method in
processing coral observation data archiving and quantitative
analysis.

4.3. Height changes

Based on the obtained high-resolution DSMs from dif-
ferent years, the height changes of coral reefs can be cal-
culated. We subtract DSMs from 2018 and 2019 and make
statistics of height changes at first step. The frequency his-
togram of height changes of the survey area is shown in
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Figure 7. The frequency histogram of height changes derived from
2018 and 2019.

Figure 8. Changes in topographic height measured between Au-
gust 2018 and August 2019. The size of each grid is 1m×1m.

Figure 7(a). It apparently shows a skewed distribution, so
the median appears to be a better choice than the mean for
seeking a single value that reflects the location of most ob-
servations [42]. The median of the whole survey area is
calculated to be 7.7mm.

To learn the spatial distribution of height changes, we
make a height change map of the survey area from DSMs
at different times, where all the height changes whose ab-
solute value is more than 50mm is truncated, as shown in
Figure 8. The more yellow the color is, the more height in-
creases, and the more blue it is, the more height decreases.
The nearly-right-angle dark blue descending area in the
lower left corner of Figure 8 is caused by manually placed
rulers, which exists in 2018 but not in 2019. Most areas
are cyan which means there is little height change. There
is only a small amount of growth at the edge of corals,

Figure 9. The height changes between 2018 and 2019 in 3D mod-
els.

and some corals even disappeared (dark blue area in Fig-
ure 8). It is thus clear that corals are not growing well un-
der the influence of the heat wave of Moorea Island. With
the mask generated by MMCS-Net, we can focus on the
height changes of Pocillopora corals. Therefore, the same
region in the coral reefs of 2018 and 2019 is selected for
comparison, as shown in Figure 9. Figure 9(a) and (c) re-
spectively show the 3D models of coral reefs of 2018 and
2019, and Figure 9(b) and (d) respectively show the models
textured with coral segmentation results of 2018 and 2019.
The height changes of the entire area are visualized in Fig-
ure 9(e), while the height changes of Pocillopora corals are
clear to see in Figure 9(f). In this way, we can perform
detailed geomorphological mapping and facilitate the anal-
ysis of spatial changes of the coral reef. And the frequency
histogram of height changes of Pocillopora corals can also
be specially plotted, as shown in Figure 7(b). The median
becomes 17.8mm which is roughly double that of 7.7mm.
This indicates that although the study area was affected by
heatwaves in the second half of the past year, resulting in
widespread bleaching or death, Pocillopora corals grew bet-
ter than other corals, which also explained its ability to be-
come the dominant coral species in the study area.

4.4. Reef rugosity

Fine-scale structural complexity influences biodiversity
and benthic fauna abundance, and VRM can be used to re-
flect the structural complexity. The VRM of a coral reef
is generated from DSM of 2018 with a resolution of one
millimeter, and is calculated using different moving win-
dow sizes (different resolutions) to investigate a full range
of scales from individual polyps to colony scales. The result
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Figure 10. Violin plots of VRM with different window sizes
(5,7,11,21,31,51,71,101,131mm).

Figure 11. Violin plots of VRM of different classes with different
window sizes (11/21/101).

is presented in Figure 10 using violin plot. At coarser res-
olutions, rugosity mainly reveals the slope of the seafloor,
while finer resolutions will lead to rugosity maps that reveal
a much higher granularity of variation [4]. When the win-
dow size is smaller than 21 (21mm), most of VRM values
are no more than 0.2. As the window size becomes larger,
the VRM values go to 0.3 nearby. The low VRM may be
caused by level sand ground, while high VRM can be the
result from corals, reefs and etc. Typical benthic values are
small (<0.4) in natural data [4].

To analyze the VRM of different surface features, the
VRM of these three classes (live Pocillopora, dead Pocil-
lopora and background) is calculated with the mask gener-
ated from coral segmentation. From Figure 10, it can be
seen that there are marked differences among VRM distri-
butions with window sizes of 11 pixel (11mm), 21 pixel
(21mm) and 101 pixel (101mm). So, we calculate VRM
with these window sizes, and the violin plot of VRM of
three classes is shown in Figure 11. The rugosity of live
Pocillopora is slightly higher than that of dead Pocillopora,
but the difference between them is not significant. This is
mainly because the dead corals segmented in this paper in-
clude bleached and dead corals. Because they have not been
covered by algae or other sediments for a short period of
time, there is not much difference in the overall spatial com-
plexity between them and living corals. Usually, the single
skeleton of corals is white within 1 month from bleaching
to death, and the structure is complete and clear; after half a
year of death, it will be covered by small algae or thin lay-
ers of sediment; after 1 to 2 years of death, it will start to
corrode. This also shows that monitoring the rapid changes
of corals is a challenging task, which not only requires us
to observe and extract information from different dimen-
sions and perspectives, but also requires us to have the abil-
ity to monitor changes in high frequency. The method pro-

posed in this paper has exactly such potential. Among other
segmentation labels, mainly sand, corroded debris, and a
small amount of coral. Their space complexity is lower than
Pocillopora, so the VRM value is also smaller.

5. Conclusions

For the fine-grained understanding of coral reef growth
variations, a new method using photogrammetric computer
vision and semantic segmentation is proposed and applied
to high-resolution coral images acquired by underwater re-
mote sensing from Moorea in 2018 and 2019. The high-
resolution (1mm) orthophotos, DSMs and mesh models of
the coral reef are obtained. The coral semantic segmenta-
tion is carried out using a proposed new deep neural net-
work that can efficiently integrate the color information
from orthophotos and structure information from DSMs.
On this foundation, a multi-dimensional intelligent analy-
sis of coral reef growth from a 2D-3D perspective can be
done. Moving from 2D metrics commonly employed to 3D
metrics enabled by our new method can offer more realistic
representations of coral reefs. For example, a vertically-
oriented coral reef may contribute little to percent cover
but have a large biomass relevant to metabolism, food webs
and other ecological processes. Our findings illustrate that
coral reefs in Moorea Island suffered from heatwave, poor
growth and even widespread bleaching or mortality events.
It is consistent with the fact that ongoing heatwaves have
adverse effects on corals, these underwater remote sensing
archived image data and extracted multi-dimensional infor-
mation will help coral biologists to further analyze coral
growth and recovery patterns after stressors and identify
coral reef refugees. In this paper, based on underwater
photogrammetry technology, a low-cost automatic method
for monitoring coral reef changes is proposed, combining
the latest image processing and deep learning techniques to
perform detailed multi-dimensional mapping and quantita-
tive information extraction of rapidly changing coral reefs.
The novelty approach will make coral rapid change map-
ping routine in the near future. The discovery and moni-
toring of coral reef health, growth, and refugia offer an im-
portant pathway for meaningful conservation interventions,
contributing to the coral reef protection under extreme cli-
mate change.
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[29] Gellért Máttyus, Wenjie Luo, and Raquel Urtasun. Deep-
roadmapper: Extracting road topology from aerial images.
In Proceedings of the IEEE international conference on com-
puter vision, pages 3438–3446, 2017.

[30] Camille Mellin, Christina C Hicks, Damien A Fordham,
Christopher D Golden, Marian Kjellevold, M Aaron Mac-
Neil, Eva Maire, Sangeeta Mangubhai, David Mouillot,
Kirsty L Nash, et al. Safeguarding nutrients from coral reefs
under climate change. Nature Ecology & Evolution, pages
1–10, 2022.

[31] Marius Muja and David G Lowe. Fast approximate nearest
neighbors with automatic algorithm configuration. VISAPP
(1), 2(331-340):2, 2009.

[32] Global Coral Reef Monitoring Network. The sixth status
of corals of the world: 2020 report. [Online]. https://
gcrmn.net/2020-report/.

[33] Fabian Neyer, Erica Nocerino, and Armin Grün. Mon-
itoring coral growth–the dichotomy between underwater
photogrammetry and geodetic control network. ISPRS-
International Archives of the Photogrammetry, Remote Sens-
ing and Spatial Information Sciences, 42(2):759–766, 2018.

[34] Fabian Neyer, Erica Nocerino, and Armin Grün. Image qual-
ity improvements in low-cost underwater photogrammetry.
International Archives of the Photogrammetry, Remote Sens-
ing and Spatial Information Sciences, 42(2/W10):135–142,
2019.

[35] Erica Nocerino, Fabio Menna, Armin Grün, Matthias Troyer,
Alessandro Capra, Cristina Castagnetti, Paolo Rossi, An-
drew J Brooks, Russell J Schmitt, and Sally J Holbrook.
Coral reef monitoring by scuba divers using underwater
photogrammetry and geodetic surveying. Remote Sensing,
12(18):3036, 2020.

[36] Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer,
James Bradbury, Gregory Chanan, Trevor Killeen, Zeming
Lin, Natalia Gimelshein, Luca Antiga, et al. Pytorch: An im-
perative style, high-performance deep learning library. Ad-
vances in neural information processing systems, 32, 2019.

[37] G Pavoni, M Corsini, M Callieri, M Palma, and R Scopigno.
Semantic segmentation of benthic communities from ortho-
mosaic maps. In 2019 Underwater 3D Recording and Mod-
elling” A Tool for Modern Applications and CH Recording”,
volume 42, pages 151–158. Copernicus GmbH, 2019.
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manned aerial vehicle (uav) and sfm photogrammetry survey
as a function of the number and location of ground control
points used. Remote Sensing, 10(10):1606, 2018.

[44] J Mark Sappington, Kathleen M Longshore, and Daniel B
Thompson. Quantifying landscape ruggedness for ani-
mal habitat analysis: a case study using bighorn sheep in
the mojave desert. The Journal of wildlife management,
71(5):1419–1426, 2007.

[45] Shuhan Shen. Accurate multiple view 3d reconstruction us-
ing patch-based stereo for large-scale scenes. IEEE transac-
tions on image processing, 22(5):1901–1914, 2013.

[46] Harrison Tasoffk. Double trouble for corals. [Online].
https://www.news.ucsb.edu/2021/020491/
double-trouble-corals/.

[47] Shaun Walbridge, Noah Slocum, Marjean Pobuda, and
Dawn J Wright. Unified geomorphological analysis work-
flows with benthic terrain modeler. Geosciences, 8(3):94,
2018.

[48] Panqu Wang, Pengfei Chen, Ye Yuan, Ding Liu, Zehua
Huang, Xiaodi Hou, and Garrison Cottrell. Understanding
convolution for semantic segmentation. In 2018 IEEE win-
ter conference on applications of computer vision (WACV),
pages 1451–1460. Ieee, 2018.

[49] Lei Yan, Rui Chen, Huabo Sun, Yanbiao Sun, Lei Liu, and
Qiang Wang. A novel bundle adjustment method with addi-
tional ground control point constraint. Remote Sensing Let-
ters, 8(1):68–77, 2017.

[50] Ma Yi-de, Liu Qing, and Qian Zhi-Bai. Automated image
segmentation using improved pcnn model based on cross-
entropy. In Proceedings of 2004 International Symposium on
Intelligent Multimedia, Video and Speech Processing, 2004.,
pages 743–746. IEEE, 2004.

[51] Hanqi Zhang, Armin Grün, and Ming Li. Deep learning for
semantic segmentation of coral images in underwater pho-
togrammetry. ISPRS Annals of the Photogrammetry, Remote
Sensing and Spatial Information Sciences, 2:343–350, 2022.

195


