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Table 1 The information of the RSMAS dataset

Hetladk S Kokt
RSMAS Acropora cervicornis 109
Acropora palmata 77

Colpophyllia natans 57

Diadema antillarum 63

Diploria strigosa 24

Gorgonians 60

Millepora alcicornis 22

Montastraea cavernosa 79

Meandrina meandrites 54

Montipora spp. 28

Palythoas palythoa 32

Sponge fungus 88

Siderastrea siderea 37

Tunicates 36
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Table 2 The basic information of the EILAT dataset
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Table 3 The basic information of the EILAT?2 dataset

EILAT2 Sand 80
Urchin 14

Brain Coral 71

Favid Coral 89

Branches Type 49
A 303

X3 H A AR AR AE — € WA A P, R A S
(1) 31575 3] RSMAS. EILAT. EILAT2 ¥ % 69 A~
A h 4.95, 12.17, 6.36,

AP o A EAE A T I 55 Max(c) 3R Bl i 2 1)
251y R B Min{c )36 7n BCiE i 0 19 28 09 AR
B

EILAT %408 45 (4 A - i 5 fe 5, 1X 2 1 T Dead
Coral (FL ] ) (1 FF A K i 55 HA 2 1 A 22 58 Kk, 4t
O A R A B B 24.93%, T e /L (192 Branches
Type I {4 2.05%; H VK2 EILAT2, ‘& A A - £l 2
B TR IS, A& 3126 (] i A A B A 22 A
K RSMAS B4 8 (A1 S fIG, FEA B IR 2 1)
2 J& Acropora cervicornis( B ¥ JEE F I ), 5 BECAY
14.23%, BEA B & £ /D W2 H Millepora alcicornis( %
FLIED, 5 BB 2.87%;

3 RG2S R B TR R R
FIE RS~ > i RS R 3 ik

3.1 EHEMEAIR A E T WL : ResNet-50

AW 5% K FH ResNet-50 1 hy i fife SIHE9 55010 4 -1 1
W& o 5 A% G ph 28 N 2% 1 4 4 ) 30 B B B S H (0 A8
[F], ResNet-50 38 it 5 A 5% 22 A LT, X I £ 1% B
Jr s CHEAT T ek . HAASK UL, ResNet 5] AT 5% 25 B
F(x)=Hx)—x, Ko xFoR A o X R o+ 00 15 1 2%
AT A3 2o 2 27 8% 25 1 5 =, A A5 I R L 2 (R Y
28 525 > BER 22 Y A2 B2 B . X
— SEVREA A4 b e 2 IO 2 I A )2 A o e 3 0 B
TH 2R FURG B2 AR KE 0], kg B G b 338 107 339 04T 55




O AR RS I Bt ) T R B R i RO 2 o A st TR SR 0 O ik S

123

AR L EE R HEAT T8 B, B S5 I 4 7 1 2 R i
R AN () 25 40 1 4 12 2%, 90 e HL s T o
TR ARG 1 R, B EAE
512 M Z0t, JF 4% — 4 ReLU #TG PREL. 55 =4
A 2 A TN B B A i S BRI, 2

Ui 7E #E 1T RSMAS TR I, il 28 9 2% 1) 4 & 2 2 A
14 S 2850 18 BE4T BILAT WA, A 8 S 40t
TESEAT EILAT2 IR, A7 5 M 4ot. &e, 2 H
% 3 — > Softmax 3% PR %X . ReLu Al Softmax #{ i
PRVBCIR 5 T LS I 25 1) A 4k MR 40L& e e

—————————————————————————— e R |
| . I . ! . ! .
Identity x | Identity x h Identity x | Identity x ! [z
I I I | I H
| I | |
| |
| I | |
Ol 1 | < | 1! ) !
T Sl OB LR ]S ! _ o
© ] i B2 N — — n ! N IS 1| @ ) 1l = = !
| o > & [ & & | b — | kS N 5] 133
Z S 2 2 2 | £ > > I > > E > 1 1| e 8 ol
& S 5 5 < | £ = = ! & = Z y! = = Z 2l == £ £
U_"é_l__’O_)U_)o 7 S—>» S —>»0O + o—»o—»g >3 —> S — 5 "%-oo»od:
< O 9o o o © | o Q0 e 1| ® s 8%
= | = I = & = | = & O = & Z = =
x ) x x I | = 1! — ! = = A
| X X X X | X X = | X X = | o o
o oy | — ) —_ [ — 1) — ! — o | — o
o 1 ! = |: = :
| I | |
X X X | x 31
L SV XA % ol __X3l

K1 UG AY ResNet-50 [ 2% 45 1y
Fig. 1 The network structure of the modified ResNet-50
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b. EILAT

5 3 DeepSMOTE 4 J& B8 5 25 H R 9. a " JE 2% T RSMAS 5 4520 e 3 AN S Colpophyllia natans, Acropora cer-
vicornis Ml Meandrina meandrites, b " JE7~ T EILAT 505522 v 3 4~3H1 2 Branches Type I, Brain Coral il Favid Coral,
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Fig.3 The example results of deep data augmentation using DeepSMOTE: a. displays three classes of coral in the RSMAS dataset™®: Col-

pophyllia Natans, Acropora Cervicornis and Meandrina Meandrites, b. displays three classes of coral in the EILAT dataset®”: Branches

Type 1T, Brain Coral # Favid Coral. There are three examples provided for each class. The 1st—3rd column shows the original image, the

nearest neighbor image, and the generated image, respectively. The value in the top right corner is the scale factor randomly determined by

the SMOTE, which ranges from 0 to 1. It indicates the degree of similarity between the generated image and the original image, as well as

the nearest neighbor image. A higher value indicates greater similarity with the original image, while a lower value indicates

greater similarity with the nearest neighbor image
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Table 6 The setting of parameters of the proposed method on

achieving the highest classification accuracy
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Integration of category-quantity adaptive deep data augmentation and
transfer learning for reef-building coral recognition

Wang Lan', Wei Hao', Che Yachen?, Zhang Cuicui'?

(1. School of Marine Science and Technology, Tianjin University, Tianjin 300072, China; 2. Key Laboratory of Ocean Observation Techno-
logy of Ministry of National Resources, National Ocean Technology Center, Tianjin 300112, China; 3. Institute of Computing Technology,
Chinese Academy of Sciences, Beijing 100190, China)

Abstract: Recognition of reef-building corals is important for protecting and monitoring coral reef ecosystems.
Deep learning, as an advanced technology in image recognition, has been increasingly applied in coral recognition.
However, its performance is still challenged by several issues, such as the imbalance of samples among different
coral categories within a dataset and the limitation of data diversity. The former makes the deep learning model
more likely to extract features from classes with a large number of samples and, therefore, decreases its ability to re-
cognize small-sample-size corals, which often refer to endangered ones needing to be protected. The latter further
reduces the performance of deep learning in recognizing corals with different appearances and are captured in vari-
ant environments. To solve these two problems, this study develops a reef-building coral recognition method by in-
tegrating a category-quantity adaptive deep data augmentation algorithm and transfer learning. To address the first
problem, a category-quantity adaptive deep data augmentation algorithm named DeepSMOTE-F, is proposed. This
algorithm improves the existing DeepSMOTE by introducing a sample-size determination stagey using an F1-score
based evaluation metric. It can adaptively augment the number of samples of each category of corals according to
its recognition performance so that the deep learning model can fully learn features from each class of corals. For
the second problem, transfer learning is used to further enhance the model's ability to extract features. The experi-
mental results on three widely used public coral recognition datasets, RSMAS, EILAT, and EILAT2 show that the
recognition accuracy of the proposed DeepSMOTE-F, is improved by 2.88%, 0.39%, and 1.54%, respectively, com-
pared with the traditional DeepSMOTE; and the accuracy of the integrated method is improved by 0.76%, 1.40%

and 1.30% compared with the existing deep learning methods for coral recognition.

Key words: coral recognition; deep learning; imbalanced dataset; data augmentation; transfer learning.
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