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Ex (Extincl) : 7species
CR (Critically Endangered) : 73 species
EN (Endanger] : 56 species
VU (Wuinerable) : 60 species
: 38 species
LC (Least Concern) : 101species

Anpendix|: 41species
: 167 species

Anpendixlil: 16 species




A Global threats

-, " (Climate change) : 1 | 4 WO £ "
£ M 3 x O

-+ 9 n Ay U(Wwildlife trade) :
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Q North America (US)
- Wildlife trade
- Habitatloss

ey i - Climate change
{ IMate N (o fa
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South America (Entirety)
- Local consumption

- Habitat loss

- Wildlifetrade

Africa (West)

- Habitatloss
- Local consumption
- Climate change

L

A Local threats

~

¥ (Habitat loss): b ° Y w

e (Local consumption) : ~ s b3

- (Invasive species) o A

Europe (Entirety)

- Invasive species
(£ ) Asia (Entirety)
- Local consumption
- Habitat loss
- Invasive species
- Wildlifetrade

- Habitat loss

- Climate change
Oceania (AU)

- Habitat loss
- Invasive species
- Climate change
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A 11 3 (Artificial Intelligence, Al), 1 X Y AU ¢

A N 3 X4enfi7 wOMDd 2 vhy

A VY_ (Deep Learning) ®T X h 1 b P

~ X8

A » | Convolutional Neural Network(CNN

<

1 ) ol N
ol N ol awli layerd . I J KNI

Machine -Based Decision

Atrtificial Intelligence

Machine - Decision

Machine Learning

Machine Decision Deep Learning

Convolutional Neural Network (CNN)

Generative Adversarial Network (GAN)

Recurrent Neural Network (RNN)

o O4 v @
51% 0 Q 4Y

N"H 20153 k QO ResNet
X 4Y5

—® Convolutional Neural Network (CNN)

Error rates (%)

Human Error:5,1%

Revolution of Depth (laye

AlexNet (2012) VGGNet (2013) GoogleNet (2014) ResNet (2015)

mmm Error rates = Depth
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A Object detection T X CNNoT . |
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A Object detection @1 X
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(classification) 0 2
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oA AN
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. Object detection]

ONEK QO ANH 7 9

v CNN ol O B®
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Feature
extraction

<Object detection G®T & >
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Regression
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Classification

w (regression)”
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VY. . Q 0 o "'Onl : Object detection]

’

A Object detection @1 X 2b "O'EV w
- 2-stage detectors :  w(regression) o "O(classification) 0 T N "Ea (sequentially)

- 1-stage detectors : w(regression) o "O(classification)0 n > 4 2 (simultaneously)

A 1 2-stage detectorsv «d N Eol Il b Qh O 1 bt dav A o, 1-stage detectorsv «d N "Eol
| b ‘Qh Ol broav 1.
A "Q " k Qv 1-stage detectorst X 1 0~ | 0° "H2-stage detectors” ° || 10b | "EK Q6o

YWOs " dao Yeni ®Wo ON du4 b 1-stage detectort "E i 68

[2-Stage Detector] [1-Stage Detector]
Ex) R-CNN series Ex) SSD series , YOLO series

“Macrochelys temminckii’ .
Feature Regression

maps

Feature

maps Classification

Image Regression ' Image “Macrochelys temminckii’

Classification
<2-stage detectors” 1-stage detectors A" 0o >
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Chelonoidis chilensis Geochelone sulcata Chelonoidis denticulate Chelonoidis carbonaria
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<Y e "O36 dataset du M o> Backbone network

Number | Family Species set Lid Test set VGGNet 16 through Con5_3 layer

1 Carettochelyidae | Carettochelys insculpta 156 33 34

E Chelidac Chelodina mccordi 105 22 23

3 Cheloiniidae Caretta caretfa 109 23 24

4 Chelonia mydas 126 27 28

5 Eretrmochelys imbricata 106 22 24

L) Macrochelys termmminckii 158 33 35

7 Clermmys gutfata 150 32 33

& Grapterys ouachitensis 109 23 25

@ Malaclemys terrapin 164 35 36

10 Emydidac Terrapene carolina 173 37 38 -
11 Emydidac Terrapene ornata 157 33 35 Resnet through Block (3) layer =
12 Geoemydidae Cuora arrboinensis 124 26 28 §
13 Geoemydidac Cuora flavornarginata 110 23 25 > E =
14 Geoemydidae Cuora galbinifrorns 108 23 24 o E g'
15 Geoemydidac Geoclermys harmiitonii 106 22 24 =) z w
16 Geoemydidac Heosermys spirnosa 107 23 24 g ] * g
17 Geoemydidac Mareniys sinensis 173 37 38 (300, 300, 3) -§ 'E
18 Podocnemididae Podocnemis unifilis 128 27 29 y :

19 Testudinidae Aldabrachelys gigantea | 214 as a7 v =] E
20 Testudinidae Chelormoidis carbonaria | 252 £ 55 . L g'
21 Testudinidae Cheloroidis chilensis 112 24 24 -

> T — P S—r——— e o - DenseNet through tlmnslttnn () \'S'}‘\.,b‘ 6\?\ " N z
23 Testudinidae Chersira angulata 121 26 27 f \Q+\+\.°' \q+\+\@' +"\\:{;§: /‘:&‘ " -

24 Testudinidac Geochelone clegans 135 29 30 ot 4> ot 4 - +°-.+ +V e A B +'§b\-<3-

25 Testudinidas Geochelane platynota 125 BT ) - Q'{._:" QL BNt +‘)V & \+\ & At “_\":é_t_ff P e

26 Testudinidac Geochelone sulcats 105 ER) 23 = o e 0-53',‘\4:‘7 5,‘:"_:-." \"-',\ eis o ¥ +"§T

27 Testudinidac Gopherus berdandieri 105 ES 33 o O ook o)

28 Testudinidae Indotestudo elongata 107 22 24 g <34 e & i

) Testudinidac Malacochersus tormieri 147 31 32 < o

30 Testudinidac Manouria emys 105 22 23

31 Testudinidae Manouria impressa 109 23 24

ED Testudinidae Stigmochelys pardaliz 192 4l 42

33 Testudinidae Testude horsfieldii 166 22 23 i

34 Testudinidae Testudeo hermanmni 6 31 33 Feature extraction

35 Testudinidae Testudo marginata 142 30 31

36 Trionychidae Lissermys punctata 105 22 23 . . .

Tora ina0 <Single Shot MultiBox Detector (SSD) Model Architecture >

0

AHMHHLCHS
00 "'I].L

A Data collection : iNaturalistt Googled » d,°© "EQA 8 v y  "O51 O 032 & 0 ab a 15 ., 1 36
dataset,

A Data selection : O, knpwl b, 0 y (Total : 6,934)
A Data augmentation : Horizontal flip, Rotate, Zoom-in, Zoom-out, Translate

~

A Model training : Object detection ¢ I 1-stage detectors Single Shot MultiBox Detector (SSD)® |

0y 0 K

_—G
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<8k O &£3 b MO>

" —— Model mAP Inference time (s)
. = —— . VGGNet16 0.780 0.029
g e = E ResNet18 0.877 0.024
i ) ResNet34 0.867 0.029
e ResNet50 0.859 0.032
g . DenseNet18 0.861 0.033
DenseNet30 0.852 0.035
78 i DenseNet50 0.855 0.046
VGGNetl6  ResNeti8 ResNet34 ResNetS0  DenseNetl8  DenseNet3)  DenseNetS0  DenseNeti2] DenseNet121 0.849 0.051

Model

~

< Ol &3 bt MO>

A mAP:8k ®i  VGGNetl16 model(77.7%) b ! AN "HResNetl8 model(87.7%) b LI U e
Inference time : ResNetl8 model(0.024s) b & o, DenseNet121 model(0.052s) b ¢ @l VU e
A ResNetl8 model b [ X mAP Inference time, | A

o
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Predicted results

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36

1 — e - - -1 -T-T=-T=-T-B80 -1 -1T-T=-T-T-T7T-T=-T-=-T-=-T-=-T-T-=-T-=-T-=-T-T-T-T-=-T-=-1T-=T-1T-T1T-

2 87 - - =-1-=-T-T=T=T1T-=-1T-T-1T-T=-T-"" &8l - -1 -1 -1-1-1-1T-1T-T=-7T-&8&81 -1 -1-1-1- 4%

3 a2 - BRIl - | - | - - - - -1-1-=-1T=-1T=-T-=-1-1-1-=-1T=T-=-1T-=-"1T-=-"1T-=1T-=-1T="T=T-=-1T=1-=-1="1T=1T-=-1-<=1¢=1/|=2

4 - | - 43 B - | - -FE -BEE - - - - - - =1 =-1T=-1T=1T=-1T-=-T=-T-=-1T-=-1=-1T=-71"MWT&a -| -/-1-1-71-

5| - | - |42 |83 m@ -1 -1-1-1-T-1T-1-T-1T-1T-1T-T=-1-1T-T-1-1-7T-1=-7T-T-=-7T=-1-1T-F@= -1 -1 -1 -

6 | - | - - |29 29 — | - =1T=1T=T=1T=1T=-12 - - - - =-1T-=-1T=1T=1T=1T="1T-<=1T<=1T<1"=E\ - - -1-1-

7 - - - - - B8 - -130 - | -| - -l30 - - - —-J30| - - [ - - - -1=-1T=1T=1-1-1=1="1=1-=1-

8 [ - [ = -1 -=-1T=-1-=71- — - ==1T=1T=1-1-1Ha - - - - - -1 =1 =-1T-=1T=1T<=1T=1T=1T=1=1T-=1T-71-

o [ - [ =1 -=-1T-=1T=71-=71-=71- @ - - - -E®zs] - - - - = -1 =1T=1T=0T-=T-=T=T=T=T-=-1T-=1T-=1T=V)z=
w| - [ - - = =-1T=-1T=1=1- 26| - | - | - -1 -] -T=1T=1T-=T-=T=-"M8 - | -[ =-[=1T-=-1T=1T-=T1T-=-1T=1-=1T-=-1-1-
n| - -[-1T-1T=-1T=-1T=1T=-1T-15+"B®8® -| - -] -1-1T=-1-1T-1T=-1T=-1T-=-1T-1T=1T-=1T=1T=1T-=-1T=-1T=1T=1=-1=1-=-1T-=-1-+-=
1z - [ - -1 -T=-1T=-T-=-1T=-1T=1-=1- 36| - | - | -3 - - - [ -[-1T-T-1T-=-1T=-1T=-1T-=-1T=1T-1-=-T=1-1T-1-

1B - |40 - | - [ -[-[-[-T-T-[T-laoXa0 - 40| - | - | -0 - | - | - [ -[ -] - -T-T-T=[=1-=-1T="[=71-=-1+=

1w - | [ - -] =-T=-1T=-1T=-]T-Ta2 - | - /4288 - - -| -|-1-[-1-T-T=-1T=-1=-T-=-1T-Ta2 - -| -1 =-[-=-1-1+=

L - - - -1 -]-742 42 - - -/ -|-|-®&®@ -[-[-[-[-[-[-[-[-1T-/-7T-/-/-/-/-/-/-/-]-]=
S| @ - | - -|-|-|-|-|-[-|-[-|-[-58 &= - @3 -|-|-|-|-|-|-|-|-[-|@ -|-|-]-]|-
27| - [ - -[=-1T-1T-T-&] - | -[-T-1T-1-1T-J2cB®z26 - | -| - -1 -[-1-1T-1T-1T-T-1-1-[~-1-1T-1-1=%
Sag| - [ B35 - [ - [ - - -[=[-]-e®9 - [ - [35/35 35 B - — =1 =1 =1=1T-=1T=-1T=1T=1T="1180 -1 -1-1-71-
21921 - | - | | — 210 - - - || -] =l =1-]=]21 - — == =1 =1T=1=1T="1T=T1T-=1-=-1=T1T=71T-=-1& -
B - - = = =1 -T=T=1T="1T=1T=T1T-=1T=1=7T=71T=1-=-1-=1- — B - - - = =1 =T=1T-=-1=1T=1=1T-=1-1=
| - | - = =1 =1 =T=-1T=1T=1T-=-1T-=-T-=1T=1T=1T=1T=T1T-=1T=71T-=1- - == - - -] -4z - - - - |aa| -
| - -] -]-1T-1T=-T=-1T=17T-=-1T-1T-1T-=-T=-1T=-17T=-1T=-1T=1T=-17T-hs8} - B8 -| -1 -] -J3a| - | - -[-[-1T-1-1]-1]31
nl - -1 -1T-T=-T=-1T=-T=-T=-T=-T=-T=-T=-T=-T=T=T=1T=-T=-1T-1B##¢ - - -1 -1 -T=-T=-1T=-1T=-T=-1T=T-=1T-=-71-=
) I B ) I B B S N R S 7> [ N e e e e
s - - -1 -1T=-T=-1T=-]T=-T=1T=-I86] - -1 -1=-1T=-1T=1T=-1T-/T=7T-7T=-1T-""&G8 - -/-/1-1-/-[-]1T<136 -|-
2 - | [ -] - -1T=-T-=-T=T=-1T-=-1T-1=T=1T=T=T=17T=1-"71588 -12&a] - | - -| -1CBY8F - | - (43 44| - | - | - [aa]| -
277 - [ -1 -T=T=T=T=-1T-=-1T=-1T-=T=1T=T=T-=-7T=1T=-7T-®8 -/ -T-7T-7T-1-EK@® -] -1 -[-[-1T=-[-1-1=
w| - [ [ - -T-T-Ta2a] - | - -[-[-Ja2a] - | - =[] -laal - - -[T-1T-1-] - 0088 - | -| - - [a2] - | -
o - - =-]=-1-1880 -] -B@ - - -1 8 - | -8 - | - - - - =-Jsal - - -1-B8 -l31| - | -| - -1 -
30| - | - [ == =1 -1=1T=1-1"=1="1T=71-=-1=1T+=1-[“= "985 — =1 =1-1=1=7=1T-=71- - =1 =1 =1=|=4
| - [ - = = === =1=1T="1T=T=1T<-/a2] - a2 - | - | -4z - |jaz| - | - | - - -1 -1T-T42@1 - | -| - - | -
2| - - - =T - == =1 =1T=1T=1T=1T=1-=-1=1-/=1T=1T=1-=-/=-1-/=1T=-1T=-1=-7T=-1-1=-"1-/-"m@ -| - -] -
| - === =T =T =1 =1 =1=1T=1=1"T=T-=1T="1T="T-=1T="T-"T-=-""T-1-""T-T="T"""P="-"1-"T-T-mB - - -
| - - - -l -] -]=-1=1=1T=1T=-1T=-1T=1=1=1T=/=1T=17T=/=/=1-Tet] —J30| - -1 - -] -1-1-] - B30 -

35| - | | - - |- -l -|=/=]-1l-/=|l<=1l=/=]-/l-/32| -|-|320/32| - | - | -8 - | -|-|-1-1-1-B89 -
6|44 — |44 - | - | -BF - - -] -1 -T-1-1T-=-T-=-T-T8&al - | - -1 -[-T-=-T-T-=-1T-1=1T=T-=-T=1T=1-=-1-1- KO8

13

N
Or
S

o OMOOU ~ confusion matrix>

A Average correct classification rate : 82.8%
A 8k ®T mAPL b [ 4 G ResNetl8 model o, "Ot 3_ confusion matrix 0 u p
A, O I bbb ' X N Chelonia mydas(60.7%) A a,b [ X N Stigmochelys pardalis "E 100 % | o '00

17
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Graptemys ouachitensis Mauremys sinensis

Caretta caretta Chelonia mydas

;,,nw ywyw =
!fﬁ “\&' o

i .1;% |
"""r«&ﬂ‘“ AT

<A Ad s
A Challenge factors : 2 A4 b (Underwater image degradation), h a  (Insufficient data), © |t
(Morphological similarity)
A Future studies : 2 A4 E£3 <«(Underwater performance enhancement, id v D b 2 (Collection
of morphology -clear image), ~ ®T |Ji (Adoption of advanced models) (e.g. YOLOV5)
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OPEN

www.nature.com/scientificreports

scientific reports

| ) Coeck hor wpastes.

Deep learning-based image
classification of turtles imported
into Korea

Jong-Won Baek™, Jung-ll Kim™* & Chang-Bae Kim*

Although turties play a key role in maintaining healthy and i these are
endangered due to global trade to meet the high demand for food, medicine, and p:u inAsia.
In addmon, |mpnrt¢d non-native turtles have been controlled as alien invasive species in various
Korea. , a rapid and accurate classification of imported turties is needed
to conserve and detect those in native ecosystems. In this study, eight Single Shot MultiBox Detector
(55D) models using different backbone networks were used to classify 36 imported turtlesin Korea.
The images of these species were collected from Google and were identified using morphological
features. Then, these were divided into 70% for training, 15% for validation, and 15% for test sets. In
addition, data augmentation was applied to the training set to prevent overfitting. Among the eight
models, the Resnet18 model shawed the highest mean Average Precision (mAP) at 88.1% and the
fastest inference time at 0.024 s. The average correct classification rate of 36 turtles in this model was
82.8%. The resuits of this study could help in management of the turtle trade, specifically inimproving
detection of aien invasive species in the wild.

Turtles, order Testud are major beod of the ecosystems they inhabit, and often serve as
keystone species beneficial to other animals and pl.mn 2 However, most turtles are endangered due to indis
criminate global trade™”. Turtles have traditionally been used for food, medicine, and pets in East and Southeast
Asia**. Cansequently, Asla, including China, Hong Kong, Japan, Taiwan, and Karea, imports and exports large
quantities of live turtles™. The annual trade of live turtles in Asia has exceeded 13,000 metric tans, the highest
number expected 1o be collected in the wild®. According to the National Institute of Biological Resources (NIBR),
the turtle was the second most commanly imported taxon among endangered species that were imported into
Korea between 2009 and 2014". In addition, the demand for turtles In Asia has increased in recent decades’. In
ocder to satisfy the rising demand for food, medicines, and pets, the illegal trade of turtles has increased”. In par
ticular, due to pet preference, the illegal trade of rare turtle species, such as Cuara flavomarginata, increases™
Various international conventions and conservation bodles, including the Convention on International Trade
in Endangered Species of Wild Fauna and Flora (CITES) and the International Union for the Canservation of
Nature and Natural Resources (IUCN), seek to protect turtles from extinction and illegal trade.

The wildlife trade has been known to be a source of alien Invasive species’™ **. These negatively affect native
species through predation and comp diffuse path and modify the functioning of the ecosystem
and abéotic features of enviroaments'**'*. In particular, turtles have a greater impact an the native population
than other animals as they are loag-lived organisms which can survive for decades in suboptimal habitats where
environmental characteristics are suitable for breeding’'*. The introduction of alien turtles into the wild has
continued due to abandonment of breeding as pets, religious release, and careless management' %, Alien inva
sive turtles have been reposted In various countries. Since 1997, the European Unlon has prohibited the import
of slider turtle, Trachemys scripta elepans, because it competes for food and basking spots with the threatened
European pond turtle, Emys orbicidaris™ . Native to the Amerias, Chelydra and Macrodielys, are found in the
Yangtze River basin in China®. The snapping turtle, Cheiydra serpenting, was imported to Japan froem the Ameri
can continent as a pet, but same have been and continue to be abandoned in the wild™. In Korea, invasive turtles
have alsa been reparted, where non-native turtles such as Graptemys ouachitensis and Macrochelys temmeinckil
have been observed™ >, These are now included on the NIBRG list of mparted tartle species”. I order to preserve
native ecosystems, it s essential to detect and classify these non-native turtles coming no through the pet trade.

T identify which species are being traded, species identification based on morphological features has been
used as a standard and effective method™ . However, this requires skilled experts to identify targeted wildlife™,
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[2. Instance segmentation o1, T ol £3 <]
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Caretta caretta Lepidochelys kempif Lepidochelys olivacea Chelonia mydas Eretmochelys imbricata Natator depressus Dermochelys coriacea
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A YOLO-seg®g K 0 4 B "Edio J,] O 45fa Y oObb3 | "EKQO °  t._ 1 ad &l (instance
segmentation model)

AwOnr,BTK ~ 0o N K TAE LY | do 1 v

A COCODataset. N'EMask RCNN@ YOLACT a a £3. T ANH I~ &° 1 o4sfNA A, A

A I vV w2 A A4l K AEO Y | o 2 A, a K o0 4 ol 'E bLbdo
At N4y 7 davye o O3 [ . ° instance segmentation T ANH ol & 3 (object detection) O

ex 9 b A,

< Object detection model> < Instance segmentation model>




<t N4 JO7 Mave., v h h >

Backbone Neck Detection Head
Species Training set  Validation set Test set I I I
Caretta caretta 93 23 30 Object detection
Lep/dOC/?E'/yS kem,D// 40 10 13 | I, CBS 9. SPPH | 11. Upsumpling . :li

22 Concal
Lepidochelys olivacea 58 14 20 | t.cBs 5.C3 :
1. CRS

Chelonia mydas 501 125 158 (2o 7. Chs T |

I I - e

Eretrmochelys imbricata 149 37 47 e TBS "-rﬂ — St T
18. CHS

15, Upsamplin
Natator depressus 40 10 14 | 4@ — scms L A

16, Congat

Dermochelys coriacea 156 39 50
17.C3
Total 1,037 258 332 . .
<YOLOvV5 YOLOv5-segwl o | >
Data collection : iNaturalist Google4 + 7 ®aye Oa A, Ja
Data selection : 0, kpwl b, 0 y (Total : 1,627)

Data augmentation : Albumentation , Mosaic augmentation

o Do Do Do

Model training : Object detection model (YOLOV5)O Instance segmentation model(YOLOvV5-seg), epoch 1000, patience 100, imgsz 640

AO
Fd
22

AHMHHLCHS
00 "'I].L

SANGMYUNG UNIVERSITY




( A) 0.030 . _ (B) . _ (C) 0.040
— Object detection model 0.014 — Object detection model —— Object detection model
Instance segmentation model ' Instance segmentation model —— Instance segmentation model
0.035
0.025
0.012
0.030
0.020 « 0:010
2 E " 0.025
— 2 0.008 =
g o015 = = 0.020
2 g c
&) = 0.006 & )
0.010 o 0.015
0.004
0.010
0.005 .
902 0.005
0.000 0.000 0.000
0 100 200 300 0 100 200 300 200 300
Epochs Epochs ’ 100 Epoch:
<R OT t Loss function o #>
(A) Classes loss,Lc/s (B) Objectness loss, Lobj, (C) Complete Intersection over Union ( CloU) loss, LCloU
A Overfitting : object detection model O instance segmentation model @ P O AU N A

A Three loss value (class, objectness, and CloU): object detection > instance segmentation

A Discrepancy between predicted and actual results : object detection > instance segmentation
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4 Nddrex @I  Precision, recall, and mean Average Precision ( MAP) £ 3 e x >

Precision Recall mAPO.5 mAPO0.5-0.95
Species
YOLOvV5 YOLOV5-seg YOLOV5S YOLOV5-seg YOLOV5 YOLOV5-seg YOLOV5 YOLOV5-seg

Caretta caretta 0.933 1.000 0.922 0.892 0.982 0.987 0.842 0.926
Lepidochelys kempii 0.545 0.789 0.846 0.615 0.607 0.751 0.557 0.571
Lepidochelys olivacea 0.741 0.754 0.750 0.800 0.836 0.815 0.720 0.745
Chelonia mydas 0.963 0.968 0.972 0.952 0.984 0.989 0.925 0.915
Eretmochelys imbricate 0.871 0.900 0.957 0.961 0.958 0.965 0.896 0.897
Natator depressus 0.766 0.866 0.874 0.864 0.849 0.924 0.731 0.856
Dermochelys coriacea 0.905 0.978 0.980 1.000 0.979 0.994 0.891 0.909
Average 0.818 0.894 0.900 0.869 0.885 0.918 0.795 0.831

A mAPO.5 : object detection model (0.885) vs. instance segmentation model (0.918)
A mAPO0.5-0.95 : object detection model (0.795) vs. instance segmentation model (0.831)

A Improvement factors : mAP0.5 mAPO0.5-0.954 » £ 3 @ P instance segmentation model4 » 48 1
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( A) Predicted label (B)

Predicted label
Background

Cm Ei Nd De FN
- 100.0 Cm Ei Nd De . s
Ce 6.7
Ce 10.0 33
Lk 15.4 _
80.9 Lk 15.4 ~ 75000
" Lo 20.0 70.0 5.0 5.0 . fa 5D 400 &0
§ - 60.0 _‘é - 60.0
g Cm 0.6 96.3 1.9 1.2 CR. e . 0.6
-
= &
\e q
ki o Y 21 . » »
- 400
Nd 6.7 73.3 6.7 13.3 A 533 o
- 20.0
Background ;
o 5.9 29.4 1.8 17.6 17.6 1.8 5.9 Backrmd (S o S oy e

= 0.0 - 0.0

<7 daye o OMOOT J v Confusion matrix >

(A) YOLOV5 model  Confusion matrix, (B) YOLOvV5 -seg model  Confusion matrix

Cc, Caretta caretta; Lk, Lepidochelys kempii; Lo, Lepidochelys olivacea, Cm, Chelonia mydas, Ei, Eretmochelys imbricata; Nd, Natator depressus, Dc, Dermochelys coriacea

A

A
A
A

Average correct classification rate : Object detection model (84.3% ) vsinstance segmentation model (86.1%)

Improvement factors :o 'O | <, k3 <« (Natator depressus A QO 1, Ok &)
Challenge factors : h a (Insufficient data), © |i=_ (Morphological similarity)
Future studies : . T d v D b 2 (Collection of morphology -clear image), ~ ®T |Ji (Adoption of advanced

models) (e.g. YOLO11), ®1 & U (Architecture design)
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Deep learning-based image classification of
sea turtles using object detection and
instance segmentation models
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Abstract

Sea turtles exhibit high migratory rates and occupy a broad range of habitats, which in turn
makes itoring these taxa i Applymg deep leaming (DL) models to vast
image datasets collected it can offer ising solutions to

the chall of itoring the wide habitats of wildlife, particularly sea turtles.
Amaong DL models, d)jEl:l detection models, suohasthe \"ou Only Look Once (YOLO)
senes, have b pl fior wil ion. Despite their

mnodeis. PLOS ONE 19(11)
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in mls domain, detecting objects in images with complex backgrounds, including
, Temains a signif Recently, instance segmarlanun
models have been developed to address this issue by idi accurate
of complex images p to traditional ohject d i odels. This study p
the performance of two state-of-the-art DL methods namely; the ohject detection model
(¥OLOw5) and instance segmentation model (YOLOvE-sag} to detect and classify sea tur-
tles. The images were collectad from i gle and then divi into 64% for
training, 16% for validation, and 20 for test sets. Model performance during and after fin-
ishing training was evaluated by loss functions and various indexes, respectively. Based on
loss functions, YOLOvS-seq demonstrated a lower error rate in detecting rather than classi-
fying sea turtles than the YOLOwS. According to mean Average Precision (mAP) values,
which reflect precision and recall, the ¥YOLOvS-seg model showed superior performance
than YOLOwS. The mAP(Q.5 and mAP0.5:0.95 for the YOLOvS model were 0.885 and 0.795,
respectively, whereas for the YOLOvS-seq, these values were 0.918 and 0.831, respec-
tively. | C based on the loss functions and classification results. the YOLOvS-seg

avaitabile from iNaturalist (ol
org) and Googe Images (i
). Al dats except images

haethe ight ho shase are a.ralmh Troen me

Giﬁm mons:mr

The authors corsim ma-
nlueshed ressarehers. coukt aosees i tata using

showed i for d ing rather ifying sea turtl pi tor
the YOL0|r5 The results of this study may help improve sea turtle monitoring in the future.

m saction. The authors slss confinm that
any special aceess privileges are mot necessary
when amempling 10 acoass these data

Sea turtles, the superfamily Chelonioidea, include the seven species: Carefta caretta, Chelonia
niyadas, D helys corfacea, E: chelys imbricata, Lepidochelys kempii, Lepidachel)
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[3. Hyperparameter optimization, 1 @I £3 <]
Anrdi A X (invasive species) | id H v yU0UO dovwm & A v Al T en
Ok, 3

A Yye O a® ° o ad Ad b a3 ANe AE4D v A H, | < NE O A L3El b @

A wOre AExOye O Mo x3 o AL R U w "~ ° d (Early Detection and Rapid Response, EDRR)
) o ® Q b

A 07 +rvaoks3 n OGI 0 "H. ol . h h 4 (Optimization) N"E £3_ < 0 b

A Hyperparameter optimization 4 v d Optimizer selectionO Hyperparameter tuning o A

At Ndd by 6 i Uye., d «\NE | £3_ [ .~ Hyperparameter optimizaton, | AN'H ol &3

L sex A,

Chelydra serpentina Macrochelys temminckii Mauremys sinensis Pseudemys concinna Trachemys spp.
— & “!u_, : E = 4 - . ‘ \ s . » fr, T == . . _.v - — o

FN:] AMHHCHOF
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<i Uye 6 dataset & MO >
Species Training set Validation set Test set
Chelydra serpentina 1,543 385 483
Macrochelys temminckii 184 46 59
Mauremys sinensis 474 118 149
Pseudemys concinna 539 134 170
Pseudemys nelsoni 643 160 203
Trachemys scripta 1,054 263 331
Total 4,437 1,106 1,395
A Data collection : iNaturalist Google4 » 6 1 U o0 02
A Data selection : 0. kfAwl B, y

A Data augmentation : Albumentation , Mosaic augmentation
A Model training : YOLO11 @1 ,, i

Backbone

Neck Head

Conv
320%320 (min|64.mcixw)

I’-I

Conv
160x160 (min|128.mchxw)

C3K2

C3K2 Detect
Shortcut=False n=3xd

B0x80 (min|256,mc[xw)

Concat

D+

Shortcut=False n=3xd

I“-

Conv
80x80 (min|256.mc[xw)

I‘-

C3K2

Shortcut=False n=6xd

Conv

I‘-

40x40 (min/512.mcxw)

H

C3K2

40x40 (nin|512.m¢/xw)

Shortcut=False n=3xd

20x20 (min| 1024, mexw)

80x80 (minf256.mexw)

40x40 (minl512.me[xw)

Shortcut=False n=3xd

JI Concat

Shortcut=True n=6xd

I‘-

Conv

2020 (min|1024.mejxw)

C3K2

Shorteut=True n=3xd

I+

y (Total : 6,934)

A N "H optimizer selectionO hyperparameter tuning_

20x20 (min 1024.mc[xw)

‘-CBIQ —— |  Detect

Shortcut=False n=3xd

40x40 (minl512.me[xw)

20%20 (min|1024.mcfxw)

<YOLO11 T & | >

J (Optimization)
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[Optimizer selection]

(A) - (B) . (C) -

SGD model SGD model
Adam model Adam model
| Nadam model Nadam model
l\ RAdam model 8 RAdam model 4
3 X
6 3
~ | |
2 1 2 | =
~J ~ ~ \,
~ | 2 ™
4 W
L N
1 A ) Mo
2 1
0 0 0
0 100 200 300 0 100 200 300 0 100
Epoch Epoch Epoch

<a v optimizer'E T O@®I t loss function MO e x >

(A) Complete Intersection over Union loss, LC/oU, (B) Classification loss, Lc/s (C) Distribution focal loss, Ldff

A AdamW model : O Q < (Overfitting)
A RMSProp model : a » M £ (numerical instability) '\ "E T

A Nadam model : © X AU ¥ 14NU(NoOverfitting), £t b loss4 b b | N &3 f (= highest losses)

A SGDmodel : O 1 (No Overfitting), +t b loss4 » b 02 £3_ 7 (= lowest losses)

29

SGD model
Adam model
Nadam model
RAdam model

300
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[Optimizer selection]

1.0
. SGD model
. Adam model
. Nadam model
. Radam model
0.9
g
= 0.8
-
) III
0.6

Precision Recall mAPO.5 mAPO0.5-0.95

~

<a v optimizer "E O @l t Precision, Recall, mAP0.5-0.95 MO e x >

A mAPO0.5 : Nadam model (0.904) ~ SGD model (0.959)
A mAP0.5-0.95 : Nadam model (0.725) ~ SGD model (0.815)
A SGDmodel : Ot b (Precision, Recall, mAP0.5, mAP0.5«0.95)4 » b 02 &£3_ Bt




Ol £ 3

Hyperparameter tunin
[ yPETp g] <Default model O Optimized model  hyperparameter XX e x >

0= 000688 wr-oonz2 mormentum = 096821 weight decay = 000076
: % ’ s . & 3 < Hyperparameter Description Default model Optimized model
L 2 ‘-'4*“ . " ::':5 .’u‘ 'e,. Ir0 Initial learnin

’ : grate 0.01000 0.00688

e T . K Irf Final learning rate 0.01000 0.01122

indimelonisimalllmelmesiiershu oA o momentum Momentum factor for SGD or betal for Adam optimizers 0.93700 0.96821
S wes ||t ,'..s.;ﬁt " e ae . weight_decay L2 regularization term 0.00050 0.00076
é _ ~ ;'.'5,,‘1 . 'f. S AR .s:"g warmup_epoch Number of epochs for learning rate warmup 3.00000 3.45669
wf . = GI] Ses - warmup_momentum Initial momentum for warmup phase 0.80000 0.93534
N T S T R T TR P box Weight of the Complete Intersection over Union loss function 7.50000 6.28481
e : = .s"‘_‘."‘“‘”‘“ 2T .‘“"" “:7"“’ cls Weight of the classification loss function 0.50000 0.77211
M .'}%ﬁ.’ d._\ \%:ﬁ : “'-g.‘:" g %,_j' . dfl A;/Veightc:;ths dist;i?hutignfocakl)loss flIJnctic;ln | 1.50000 1.33119
hsv_s Altering the saturation of the image 0.70000 0.82473
' 3 P hsv_v Modifying the value (brightness) of the image 0.40000 0.27159
ons . ;’ .‘.' o B : °_'~, - ot translate Translating the image horizontally and vertically 0.10000 0.12203
i ek NS, oot "‘ tese ‘“:", scale Scaling the image by a gain factor 0.50000 0.57497
N o fliplr Flipping the image left to right with the specified probability 0.50000 0.39212

mosaic Combining four training images into a single image 1.00000 0.53319

<Hyperparameter tuning O 4 » scatters plot>

A Random search0 T J SGDmodel 16k  hyperparameter

A Optimal hyperparameter combination : 114t jteration

A Training -related hyperparameters :\d £ | <«(Enhance stability and accuracy)

A Augmentation -related hyperparameters : h 8 ° (Minimize data distortion)
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A) | ) O .
Default model Default model Default model
——  Optimized model —— Optimized model —— Optimized model
6
4
5
2
. 3
3 £ S
) ~ ~
~ 3
2
1
2
1
1
0 0 0
0 100 200 300 0 100 200 200 0 100 200 300
Epoch Epoch Epoch

<Default model O Optimized model  Loss function e x >

A) Complete Intersection over Union loss, LC/oU, B) Classification loss, Lc/s C) Distribution focal loss, Ldff

A Overfitting : non-fine-tuned model O fine-tuned model @ P O AV Y 14 (No overfitting)

A Default model : Lc/s4 b lower values (=lower error)0 U P

A Optimized model : LCloU, Ldfi 4 + lower values (=lower error)0 U p
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<Default model O Optimized model  Loss

< Hyperparameter tuning 1 ol £3 ex >
Precision Recall mMAPO.5 mAPO0.5-0.95
Species
Default model  Optimized model Default model  Optimized model Default model  Optimized model ~ Default model ~ Optimized model
Chelydra serpentina 0.962 0.962 0.984 0.990 0.993 0.993 0.881 0.900
Macrochelys temminckii 0.975 0.976 0.853 0.889 0.960 0.975 0.793 0.816
Mauremys sinensis 0.949 0.942 0.917 0.935 0.960 0.963 0.788 0.795
Pseudemys concinna 0.955 0.925 0.870 0.932 0.951 0.969 0.835 0.866
Pseudemys nelsoni 0.952 0.976 0.927 0.938 0.962 0.978 0.801 0.831
Trachemys scripta 0.942 0.913 0.856 0.923 0.924 0.959 0.789 0.836
Total 0.956 0.949 0.901 0.934 0.959 0.973 0.815 0.841
A .1 v X |t &7 xDefault model'EV U "HHyperparameter tuning, ¥ T X Optimized model'EV P

A mAPO.5 : Default model (0.959) vs. Optimized model (0.973)
A mAPO0.5-0.95 : Default model (0.815) vs. Optimized model (0.841)
A mAP0.5 mAP0.5-0.954 » £ 3 @ P hyperparameter tuning <0 1,
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o Ol £ 3

( A) Predicted label (B) Predicted label

Cs Mt Ms Pc Pn Ts FN Cs Mt Ms Pc Pn Ts FN

= 100.0

— 100.0
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(A) Default model, (B) Optimized model

Cs, Chelydra serpentina; Mt, Macrochelys temminckii ; Ms, Mauremys sinensis, Pc, Pseudemys concinna; Pn, Pseudemys nelsoni; Ts, Trachemys scripta

A Average correct classification rate : Default model (89.9%) vs Optimized model (92.7%)
- Pseudemys concinna : 85.0% y 91.8% (The highest improvement)

- Macrochelys temminckii . 80.4% y 87.0% (The second highest improvement)
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Hyperparameter optimization

to enhance the performance of
deep learning models for the early
detection of invasive turtles in
Korea

Jong-Won Baek™?, Jung-1l Kim®*, Min-Ho Mun® & Chang-Bae Kim™™

Invasive freshwater turtles are major drivers of biodiversity less, ing the i & of
early detection and management. However, it is challenging lm experts to manually monitor a broad
geographic ares, necessitating support tools. Deep leaming:based object detection models have

displayed high in ing wildlife ing tasks. F
optimization, including optimizer selection and hyperparameter tuning, might furmel enhance
performance by optimizing training smngsw the dataset. In this study, an optimized model was

to apply b ion to detect and classify six invasive turtle species in
Korea from images. The optimized model was compared to a defauit model trained using the default
optimizer and hyperp . The optimized model outperformed the default model, as indicated

by the evaluations of mean average precision using a fixed intersection over union threshold of 0.5
(0.973 vs. 0.953) and a range of thresholds ranging from 0.5 to 0.95 (0.841 vs. 0.815). The classification
accuracy of the optimized model reached 92.7%, exceeding that of the default model (89.9%). These
findings highlight the utility of hyperparameter optimization and suggp_il thanhe prnp-nsed approach
can support the early detection of invasive turtles, thereby P

Keywords Lnvasive turtle, Early detection, Deep learning. Object detection, Hyperparameter optimization

Invasive species are najor driversofh g preadofthese
species are facilitated primarily by the global wildlife trade, which faciliates these movement actoss. eCOsyslems’.
These species adversely affect native species through competition, ecosystem alteration, and pathogen spread,
hindering biodiversity conservatbon’. Moreover. these species rapidly tonew environments and they can
spread widely”. Among these, invasive freshwater turtles could have particularly profound effects because of these
long lifespans and adaptability to suboptimal environments™. Moreover, cdimate change ks further exacerbating
this issue As amblent and water temperatures increase, heat-tolerant freshwater tustles from temperate and
tropical regions are becoming more likely to outcompete native species, increasing the likelihood that invasive
tustles will successfully establish themselves in new habitats'". For instance, Trachemys scripta, a globally invasive
freshwater turtle with relatively high thermal tolerance, may gain 3 competitive advantage over native Chinese
species such as Pelodiscus stiensis and Mawrerys reevesit under warmer conditions!®. Indeed, several Askan
countries have reported the establishment of invasive fres.\h.ﬂ.e{ turtles of the potential for such establishment,
highlighting the necessity for effective management''. Trachemys scripta and Chelydra serpenting have been
reported as established invasive species or identified as having high invasive potential in China, Japan, and
Taiwan®'-'%. Additionally, Macrochelys temminckii has been detected s an invasive species in China and Taiwan,
and Pseudemys concinna has been noted 1s an invasive species in Taiwan'"". Along with these four species,
Maurenys sinensis and P nelsoni have been managed as invasive species in Korea'”. Therefore, management is
necessary to prevent fusther establishment of lnvasive turtles in domestic ecosystems and nationwide spread.
Effective management of invasive species critically relies on early detection through monitoring'™"”. Such
early detection might minimize ecological and economic damage'”. Typically, early detection of invasive species

‘giotechnology Major, Sangmyung Univessity, Secul 03016, Korea. *Ocean Climate Response and Ecosystem
Research Department, Korea Institute of Ocean Science and Technology, Busan 49111, Korea. 1jcng-Won Baek and
Jung-Il Kim contributed equally to this work. “email: evedeve@smu.ac ke
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