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Abstract: Coral reefs are undergoing a severe decline due to ocean acidification, seawater warming
and anthropogenic eutrophication. We demonstrate the applicability of Deep Learning (DL) for
following these changes. We examined the distribution and frequency appearance of the eleven most
common coral species at four sites in the Gulf of Eilat. We compared deep learning with conventional
census methods. The methods used in this research were natural sampling units via photographing
the coral reef, line transects for estimating the cover percentage at the four test sites and deep
convolutional neural networks, which proved to be an efficient sparse classification for coral species
using the supervised deep learning method. The main research goal was to identify the common
coral species at four test sites in the Gulf of Eilat, using DL to detect differences in coral cover and
species composition among the sites, and relate these to ecological characteristics, such as depth and
anthropogenic disturbance. The use of this method will produce a vital database to follow changes
over time in coral reefs, identify trend lines and recommend remediation measures accordingly. We
outline future monitoring needs and the corresponding system developments required to meet these.

Keywords: coral reef; marine ecosystem; deep learning; coral species; classification; machine learning
and networks

1. Introduction

Coral reefs are the most diverse marine ecosystem, evolved over eons of favorable,
stable climatic conditions [1–3]. The current, exponentially accelerating Global Climate
Change driven [4,5], ocean warming and seawater acidification endanger their very sur-
vival. The warming destabilizes the symbiosis between corals and their endosymbiotic
algae that provide the energy base of the coral holobiont and of the entire reef ecosys-
tem [6,7]. The acidification shifts the balance from skeletal carbonate deposition to its
dissolution. These stressors are further aggravated by anthropogenic eutrophication,
shoreline development and, in some instances, diving pressure. The documentation and
monitoring of many coral reefs in diverse and distant locations is of paramount importance
for tracing trends and predicting their rates. Without such real-time, ongoing information
no corrective, preventing and bioremediation measures can be planned, executed and
evaluated. Stressors evidently cause decrease in live coral cover, juvenile recruitment and
reduction in species diversity. The highly diverse coral reefs of the Gulf of Eilat (Aqaba) are
of special interest and concern, as they are the main basis of the economy of surrounding
communities in both Israel and Jordan. They are among the most diverse reefs [8], but
have suffered from a rare low tide exposing them for a week [9] in 1970, heavy rain [10]
and chronic oil pollution [11]. The stratification in the Northern Gulf of Eilat/Aqaba
follows a well-known annual cycle of well-mixed conditions in winter, surface warming in
spring and summer, maximum vertical temperature gradient in late summer and erosion of
stratification in fall [12]. The cooling of the Gulf’s waters following the eruption of Mount
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Pinatubo in 1991 upset that pattern and led to a period of unusually deep mixing that
injected nutrients into the photic zone [13]. That eutrophication of the waters surrounding
the reefs resulted in proliferation of green algae smothering corals [14]. To the above-listed
traumatic events has to be added the deleterious anthropogenic eutrophication of the Gulf
due to fish farming [11]. These events and processes, as well as the forthcoming Red-Dead
Canal, call for frequent, detailed monitoring of any changes in the status of the coral reefs
of the Gulf. Two main health indicators are live coral cover and species diversity.

Coral Classification in the Gulf of Eilat

Traditional, manual methods were used by Loya and Slobodkin [8] in the Gulf of
Eilat for coral classification and species inventory. One of the most serious technical
problems that occurs using these methods for classifying the corals is that the identification
of many underwater species is difficult. Furthermore, coral pigmentation and morphology
are plastic with environmental forcing functions like light and current, eliciting wide
phenotypic variability [15,16]. Whenever confronted with the slightest doubt concerning
the species of a certain coral underlying the transect, a small piece is sampled and put into
a plastic bag carrying an identification number. Later, the coral samples are bleached clean,
with concentrated solution of KOH, for purposes of identification and preservation [9],
a tedious and destructive practice, limited by sample size. Machine learning methods
such as deep learning seek to avoid these difficulties, profiting from the latest advances in
computerized handling of large quantities of visual images [17]. In the research of Loya and
Slobodkin, 1971, [8] color photographs were taken using a camera with a flash attachment.
For close-ups, a Rolleiflex camera in a Roll marine underwater case was used. A measuring
tape was spread over the reef and divers recorded the projected length of all the organisms
and substrate underneath the line transect to a resolution of 1 cm. Photographs were taken
at 1 m intervals along a transect, in order to measure live coverage of different species on
the photographs and thus to save time underwater. However, many small species and
juvenile colonies, as well as species which typically grow beneath other colonies, do not
show up in the photographs. The line transects, implemented for the first time in marine
ecology study by Loya and Slobodkin, 1971, [8], have become the most commonly used
ecological method for studying benthic communities in the marine environment. In their
research that took place in the Gulf of Eilat, regular monitoring of the permanent belt
transects for a period of 20 months yielded approximately 3000 photographs of more than
4000 corals belonging to 100 species (Loya, 1972) [9]. One of the indexes used to estimate
the diversity in the coral reefs is the Wiener-Shannon index, which takes into account the
richness of the species and the degree of uniformity (evenness) in the diffuser, and thus
there is also an emphasis on the presence/absence of rare species. This index is good for
comparing between years or between sites, but its numerical value has no real meaning.
Thus, it is difficult to know what the difference in values means other than that a high
index is “better” than a low index, i.e., indicates a greater variety.

In the present study we demonstrate the applicability and advantages of our research
and benefits of using deep learning, which are reliability and efficiency in terms of time
and resources. The significance and novelty of this research is in working with “large data”.
Only that proven refinement allows the application of a global scale and synchronized
monitoring of the status of coral reefs. Only such monitoring can address the urgent
ecological need of classifying corals, following changes in live coral cover, in reduction
in species diversity and decline in recruitment. All of these are indispensable for tracing
future trends in coral reef ecology and taking measures to prevent further reef deterioration,
as well as assessing the efficiency of bioremediation measures. The urgency of such long-
term monitoring of reef sections under different stressors is illustrated specifically by the
case of the reefs in the Gulf of Aqaba (Eilat). So far, the classification of corals has been
performed by using painstaking, time-consuming manual methods, which highly limit
its performance and usefulness. We demonstrate the adaptation and application of deep
learning neuronal networks for classifying corals in the Gulf of Eilat reefs for eleven species
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at four sites. Our study provides the tools for developing a routine monitoring of the health
of the reefs of Eilat, by expanding it to more coral species and analyzing changes in live
cover and in diversity.

The innovations of our study are the test of DL applicability to discrimination among
coral species; selecting and testing of the most efficient DL network and method for coral
identification; providing tools to follow climate change effects on the coral reefs of the Gulf
of Eilat, allowing the establishment of a baseline prior to the opening of the Red-Dead
Canal and the real-time monitoring of its effects on the structure and biodiversity of the
Gulf’s coral reefs; and providing foundation benchmark data for the benefit of future
studies in the region.

For that purpose we chose four reef sites. The study sites were chosen on the basis
of their accessibility and central location within the Eilat Coral Reserve. Furthermore,
they are highly diverse, offering the opportunity to choose the most common species and
determining their share of the entire coral assemblage. The chosen sites allow the variability
over space (between sites) to be studied and finally the possible effects of human-mediated
disturbances to be examined, by comparing the quantity and cover percentage at the most
disturbed site of the four.

2. Materials and Methods

Methods used in this work to classify the coral reef species: “Natural sampling units”
via photographing the coral reef during daytime, line transects for estimating the cover
percentage at the four test sites in the Gulf of Eilat and deep convolutional neural networks
as an efficient sparse classification for coral species using a supervised deep learning
method called Convolutional Neural Networks (CNNs). The Cochran-Mantel-Haenszel
test was performed to compare the presence and proportions of coral species abundance,
measured using different methods across multiple sites, and their presence and relative
abundance in different sites using each method. Post hoc analysis was performed with a
pairwise Fisher test with False Discovery Rate (FDR) correction for multiple comparisons.
Species coverage percentage was compared using a one-way ANOVA, followed by a Tukey
post hoc analysis.

2.1. Study Sites

Eilat Coral Beach Nature Reserve (NR). This site has a well-developed fringing reef
near the shore and massive stony coral abundance through the entire depth gradient down
to 50 m depth. This is the most developed, complex, rich and diverse coral reef in the
Gulf of Eilat. The study sites were chosen on the basis of their accessibility and central
location within the Eilat Coral Reserve. Furthermore, they are highly diverse, offering the
opportunity to choose the most common species and determine their share of the entire
coral assemblage. The chosen sites allow the variability over space (between sites) to
be studied and the possible effects of human-mediated disturbances to be examined, by
comparing the quantity and cover percentage at the most disturbed site of the four with
reference sites at different distances from North Beach.

Three sites (1–3) were chosen for training of the classifiers; the fourth was added as a
test (Figure 1).

Coral-reef classification was divided into the following steps:

• Photographing the corals.
• Line transects for estimating the cover percentage at the four test sites in the Gulf of Eilat.
• Deep learning convolutional neural networks as an efficient classification of coral species.



Big Data Cogn. Comput. 2021, 5, 19 4 of 17Big Data Cogn. Comput. 2021, 5, x FOR PEER REVIEW 4 of 17 
 

 
Figure 1. Coral reefs at the four study sites in the Gulf of Eilat. (a,b) Coral Reefs sites 2 and 3, (c,d) 
Coral reef at site 1, (e,f) Coral reef at site 4.  
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One of the indexes used to estimate the diversity in the coral reefs is the Wiener‒
Shannon (H) index using EstimateS, which is a free software application that computes a 
variety of biodiversity statistics, estimators and indices based on biotic sampling data 
(Colwell, 1994) [18]. In this approach the species diversity is calculated by accumulating 
data on each section until an estimate is made based on the maximum number of sections 
made, taking into account rare species. The results are given as an estimate of species di-
versity for each site in its entirety based on line section data and estimates calculations. 
On cumulative length “area” (of corals versus number of colonies) it was found that the 
value of the index based on counting is slightly higher than the value based on area. 

2.3. Photographing and Analysis 
At each site thousands of “point natural photos” were taken in addition to 700 h of 

underwater videos, at 30 frames per second (Raphael et al., 2020, [19,20]). Of the still im-
ages, 5500 were chosen as they were considered to be of sufficient quality for the initial 

Figure 1. Coral reefs at the four study sites in the Gulf of Eilat. (a,b) Coral Reefs sites 2 and 3, (c,d)
Coral reef at site 1, (e,f) Coral reef at site 4.

2.2. Coral Diversity and Coverage

Providing a reliable method that estimates biodiversity across space and through time
is essential for motivating the public to protect biodiversity, for designing the species of
marine protected areas and for monitoring their effectiveness.

One of the indexes used to estimate the diversity in the coral reefs is the Wiener-
Shannon (H) index using EstimateS, which is a free software application that computes
a variety of biodiversity statistics, estimators and indices based on biotic sampling data
(Colwell, 1994) [18]. In this approach the species diversity is calculated by accumulating
data on each section until an estimate is made based on the maximum number of sections
made, taking into account rare species. The results are given as an estimate of species
diversity for each site in its entirety based on line section data and estimates calculations.
On cumulative length “area” (of corals versus number of colonies) it was found that the
value of the index based on counting is slightly higher than the value based on area.

2.3. Photographing and Analysis

At each site thousands of “point natural photos” were taken in addition to 700 h
of underwater videos, at 30 frames per second (Raphael et al., 2020, [19,20]). Of the still
images, 5500 were chosen as they were considered to be of sufficient quality for the initial
DL analyses. Thousands of high quality video frames were then used for the subsequent
ecological study (Figure 2).
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Figure 2. (a) Choosing the common coral species. (b) Measuring the corals species. (c) Full coverage of the coral reef.
(d) Partial coverage of the coral reef.

2.4. Data Analysis

The four tested sites differed by composition; the cover percentage was estimated by
point sampling using the method of “natural sampling units”. The software applications
that were used to analyze the cover percentage were Fiji ImageJ and CPCe software (Coral
Point Count with Excel extensions) and Windows-based software that provides a tool for
the determination of coral cover using transect photographs (see Appendices A and B). A
specified number of spatially random points are distributed on a quadrat image, and coral
species lying under these points are identified. The estimated and current results were
used for further examination of the differences between repeated measures. The cover
percentage was checked at the four test sites, using the method of line transects, to assess
which of the measured ecological parameters were most predictive. The statistical analysis
was done using R statistics software.

3. Results

Throughout the study, eleven common coral species were recorded.
The results are divided into two sections:

• Coral species quantities and coverage percentage of each of the common coral species
at each site (sites 1–4) using each method (point estimated and Fiji ImageJ)

• Deep learning coral classification data.

3.1. Coral Species Quantities

The common coral species were observed in each method and on each site using point
estimated and Fiji ImageJ methods as shown in Table 1.
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Table 1. Common coral species at studied sites (1–4).

Categories Sites

Coral Species Site-1 Site-2 Site-3 Site-4

Method Point
Estimated

Fiji
ImageJ

Point
Estimated

Fiji
ImageJ

Point
Estimated

Fiji
ImageJ

Point
Estimated

Fiji
ImageJ

Acropora 14 31 50 59 2 6 3 7

Platygyra 0 0 15 21 2 6 1 2

Favia 47 50 20 23 3 3 2 3

Stylophora 9 10 6 7 4 4 3 5

Total no. of coral sp. 70 91 91 110 11 19 9 17

3.2. Comparison between Methods

Corals percentage coverage was measured in two different methods at four sites:
General comparison between methods shows that coral proportions were not signifi-

cantly different between the two methods within different sites (Cochran-Mantel-Haenszel
test, X2(3) = 3.5084, p = 0. 3197) (see Figures 3 and 4).
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3.3. Comparison between Sites

General comparison between the sites taking into account the different methods
(=repeats):

Proportions were significantly different between sites, within each method (Cochran-
Mantel-Haenszel test, X2(9) = 110.67, p < 0.0001) (see Figure 5).
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3.4. Comparison between Each Pair of Sites Using Each Method

The Cochran-Mantel-Haenszel test was performed to compare proportions of corals
that were measured with different methods across multiple sites and proportions of corals
in different sites within each method. Post hoc analysis was performed with a pairwise
Fisher test with false discovery rate (FDR) correction for multiple comparisons.
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Coral proportions were not significantly different between the two methods within
different sites (Cochran-Mantel-Haenszel test, X2(3) = 3.5084, p = 0.3197). In contrast,
proportions were significantly different between sites, within each method (Cochran-
Mantel-Haenszel test, X2(9) = 110.67, p < 0.0001). Specifically, proportions in site 1 were
significantly different to proportions in sites 2 and 3 (p < 0.0001), but there was no difference
between sites 2 and 3 (p = 0.0921) (see Table 2).

Table 2. Comparison between each pair of sites by each method for four coral species.

Method Sites p-Value

FijiImageJ 1–2 <0.001 ***
FijiImageJ 1–3 <0.001 ***
FijiImageJ 1–4 0.0254 *
FijiImageJ 2–3 0.0921
FijiImageJ 2–4 0.08
FijiImageJ 3–4 0.673

Point Estimated 1–2 <0.001
Point Estimated 1–3 0.0038 *
Point Estimated 1–4 0.0154 *
Point Estimated 2–3 0.0163 *
Point Estimated 2–4 0.1008
Point Estimated 3–4 0.9999

(***) very significant, (*) Significant.

The highest coverage percentage in sites 1–4 was observed for Acropora. Stylophora
has the highest coverage percentage in site 1 and the lowest in site 2. Favia has the highest
coverage percentage in site 2 and the lowest in site 1; Platygyra has the highest coverage
percentage in site 4 and the lowest in site 2 (see Figure 6).
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The coverage percentage of the common coral species in a descending order from
the highest to the lowest was observed for Acropora, Stylophora and Favia, and the lowest
coverage percentage was found for Platygyra (see Figure 7).
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3.5. Comparing the Coverage Percentages of Different Coral Species
3.5.1. One-Way ANOVA Test Results

There was a statistically significant difference between the coverage percentage of the
species (one-way ANOVA, F(3,12) = 11.9, p = 0.000657) (see Table 3).

Table 3. ANOVA test results for four coral species.

Df Sum Sq. Mean Sq. F-Value Pr (>F)

Coral species 3 55.67 18.557 11.9 0.0006 ***

Residuals 12 18.71 1.559
One-way ANOVA test shows significant difference, meaning Tukey post hoc test can be continued. (***) very
significant.

3.5.2. Tukey Post Hoc Test

A Tukey post hoc test showed that the coverage of Acropora was significantly higher
than all other species (Favia—p = 0.0013, Platygyra—p = 0.001, Stylophora—p = 0.028), but
the coverage of Favia was not significantly different than Platygyra and Stylophora.

There was no statistically significant difference between the coverage of Platygyra and
Favia (p = 0.998), no statistically significant difference between the coverage of Stylophora-Favia
(p = 0.324) and no statistically significant difference between the coverage of Stylophora-Platygyra
(p = 0.255) (see Table 4).

Table 4. Multiple comparisons of means for four coral species.

Coral Species
Mean

Difference

95% Confidence Interval of
the Difference Adjusted

p-Value
Lower Upper

Favia-Acropora −4.49 −7.111 −1.868 <0.001 ***

Platygyra-Acropora −4.64 −7.261 −2.018 0.01 *

Stylophora-Acropora −2.91 −5.531 −0.288 0.028 *

Platygyra-Favia −0.15 −2.771 2.471 0.998

Stylophora-Favia 1.58 −1.041 4.201 0.324

Stylophora-Platygyra 1.73 0.891 4.351 0.255
(***) very significant, (*) Significant.
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3.5.3. Coverage Estimation

Each dot indicates the estimated coverages respectively per image. A Pearson correla-
tion test was preformed displaying correlation coefficient and p value. A definite p value
means there is a link between the variables (sites). The correlation coefficient (corr) is a
measure of the strength of the relationship between the variables. A value between 0 and 1
indicates a positive relationship. Values closer to 1 indicate a strong bond (see Figure 8).
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3.6. Correlation of Coverage Percentage between the Different Sites

There is a correlation between sites 1–3 and sites 3–4 (see Table 5).

Table 5. Test results of correlation for four coral species between the four sites.

Site1 Site2 Correlation Coefficient p-Value

1 2 0.907 0.092
1 3 0.949 0.05 *
1 4 0.892 0.107
2 3 0.922 0.077
2 4 0.872 0.127
3 4 0.987 0.012 *

(*) Significant.
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3.7. Comparing the Coverage Percentages of Eleven Coral Species

The coverage percentage of the common coral species in a descending order from the
highest to the lowest was observed for Acropora, Lobophyllia, Stylophora, Goniastrea,
Montipora, Cyphastrea, Porites, Favia, Platygyra and Pavona (see Figure 9).
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3.8. Deep Learning Results for Eleven Species (ResNet-50)

Coral species including Platygyra, Stylophora and Lobophyllia were identified in a higher
accuracy than species like Acropora, Favia, Echinopora, Cyphastrea, Goniastrea, Pavona, Porites
and Monttipora with ResNet-50network (see Figure 10).
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The branching corals (B) and massive corals (M) groups are displayed in Figure 11.
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3.9. Comparing between Branching (B) and Massive (M) Species (ResNet-50)

A T-test on the coral species performed using ResNet-50 was marked as “True” in
order to compare between branching (B) and massive (M) coral species.

Coral species were marked “True” via branching (B) (see Table 6).

Table 6. T-test results for branching coral species.

T-Test Df p-Value

1.17 3.574 0.314

An alternative hypothesis was checked:
The results show that the “True” difference in means is not equal to 0.
Confidence interval of 95% was checked: −0.1257214, 0.2946103.
Sample estimates were made (see Table 7).

Table 7. T-test means results for coral species in groups B and M (ResNet-50).

Mean in Group B Mean in Group M

0.857 0.773

3.10. Comparing between M Species

Pierson correlation between all species was performed in order to check if there is
a significant correlation between each pair. In the case of a significant correlation, the
corrected FDR is performed.

Pearson’s Chi-squared test results are shown in Table 8.

Table 8. Chi-squared test results for M species.

X-Squared Df p-Value

25.101 6 0.0003

Results obtained using traditional, non DL methods:

• There is no difference between the methods: Fiji ImageJ and “Point estimated”, applied
at each site.

• There is a significant difference among live coral cover and number of coral colonies
among the four sites, using any method.

• The difference in relative species’ coverage among the four sites using both methods
was significant.

• The relative coral species cover among the four sites was not significantly different
when determined using the two methods.
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• The species differed significantly in their coverage percentage.

3.11. Deep Learning Results

Four test sites including 5500 images (500 images for each species)
The images were classified for eleven coral classes and divided into validation, testing

and training data. The training data included 3850 images, 825 images for “Test” and
825 images for “Validation”.

The “Test” data results show that the highest accuracy was observed for Platygyra
(97.33%), followed by other coral species including Stylophora (96%), Lobophyllia (93.33%),
Acropora (86.66%), Cyphastrea (84%), Montipora (74.66%), Echinopora, Favia, Goniastrea and
Pavona, and Porites showed the lowest accuracy of 72% (see Table 9).

Table 9. Deep learning test results of eleven coral species.

Labels Coral Species True False Percent True

0 Acropora 65 10 86.66

1 Cyphastrea 63 12 84

2 Echinopora 54 21 72

3 Favia 54 21 72

4 Goniastrea 54 21 72

5 Lobophyllia 70 5 93.33

6 Montipora 56 19 74.66

7 Pavona 54 21 72

8 Platygyra 73 2 97.33

9 Porites 54 21 72

10 Stylophora 72 3 96

The results show that the cross validation average accuracy was 82.01% (see Tables 10 and 11).

Table 10. Cross validation accuracy results.

Cross Fold Accuracy

Cross_fold_0 81.54%
Cross_fold_1 82.27%
Cross_fold_2 82.81%
Cross_fold_3 81.54%
Cross_fold_4 81.90%

Average Accuracy 82.01%

Table 11. Cross validation results.

Acropora Cyphastrea Echinopora Favia Goniastrea Lobophyllia Montipora Pavona Platygyra Porites Stylophora

Fold0 93 89 79 72 73 96 80 75 85 70 85

Fold1 91 86 69 74 80 99 80 78 87 77 84

Fold2 95 82 83 70 79 98 83 67 92 71 91

Fold3 90 84 73 76 71 93 81 79 88 71 91

Fold4 91 76 88 77 73 87 80 65 96 76 92

Average 92 83.4 78.4 73.8 75.2 94.6 80.8 72.8 89.6 73 88.6

Total Average 82.01
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Results obtained using DL:

• High accuracy of 90% was attained in a preliminary test by applying the method of
deep learning for classifying 400 images of four common coral species.

• The method was proven by applying training results from three sites on a fourth
external site with accuracy of 80.13%.

• Using cross validation results prove that the model can predict new data from addi-
tional sites that were not used in the training.

• The system has difficulty in distinguishing among similar coral species.
• Species with salient features are identified with high accuracy

4. Discussion

The described novel computerized classification method for coral reef images can be
configured to meet different dataset characteristics (e.g., the size of the dataset, number
of classes, class types, etc.). We compared several Convolutional Neural Network (CNN)
architectures such as VGG-16 and ResNet-50 and used transfer learning. ResNet-50 was
used on a dataset containing eleven classes of coral species on a large number of images
(5500), far more than the amount of images used in other studies.

The classification of underwater coral images is challenging due to the large number
of coral species, the great variance among images of the same coral species, the lightning
conditions and the fact that several species tend to appear together, leading to increasing
overlapping among different classes. We have demonstrated that we were able to overcome
these inherent difficulties and to outperform classical methods that require a high human
intervention, proving that CNNs are an excellent technique for automatic classification
of underwater coral images. ResNet-50 was the best CNN routine, considering its fast
performance and high accuracy.

The results from these tests show that accuracy of identification was high in species
with distinct features or unique morphologies, underscoring the importance of salient
features in increasing accuracy of identification as is evident in the following list.

Studied species in decreasing order of identification accuracy:

• Species with a unique shape like Platygyra showed highest accuracy results of 97.33%.
• Branching corals like Stylophora with typical finger-like branches that vary in width

and have blunt tips are classified with slightly lower accuracy of 96%.
• Species like Lobophyllia with either flat or domed colonies were classified with accuracy

of 93.33%.
• Acropora species that grow either as slender or broad branches achieved 86.66%.
• Species with a distinct morphology like Cyphastrea showed accuracy of 84%.
• Species like Montipora were classified with accuracy results of 74.66%.
• Dome-shaped or flat similar species like Favia, Goniastrea, Pavona, Porites and Echino-

pora are classified with accuracy results of 72%.

Future refinement aimed at distinguishing species with similar colony morphologies
will require high resolution closeup images, allowing calyx feature comparisons.

Such surface texture images would also be required in order to provide unambiguous
identification of colonies of a single species, of different sizes and shapes, needed to obtain
population age structures and recruitment data.

5. Conclusions

• DL is capable of distinguishing between coral and non-coral benthos.
• DL can reliably identify corals, based on colony morphology.
• Computerized coral image analyses are the most powerful, unique tools for study-

ing the ecology of coral reefs, relying on vast real-time datasets that provide the
information needed for the following:

i. Comparing sites, as these are revealed by the DL study and suggest an expla-
nation of differences among them in a real coverage and species abundance.
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ii. Quantifying the differences in abundance among species and allowing at-
tribution of such differences to sensitivity, longevity, competition and K vs.
r strategies.

iii. Documenting the efficiency of legislative and bioremediation measures in coral
reef conservation and recovery over time.

iv. Producing time series for long term trend analyses and predictions.
v. Constructing the age structure of species, to analyze recruitment patterns.
vi. Generating species diversity estimates.
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Appendix A

Appendix A.1. Applications Used

At the laboratory 100 orderly points were sampled in each image using the software
program CPCe and for each point it was determined whether or not there is a coral. The
results were processed to determine the cover percent of the corals in each picture and
the average and standard deviation were calculated for each site from the total of all the
pictures taken at each site.

Appendix A.2. Coral Current Cover Using CPCe Software
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