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& Result analysis
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« Accuracy

« Sensitivity (recall)
* Precision

« F1 score /

Model save & loading
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Introduction
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. JSR(turtles)= HEES Z 1Y O 2R 2 SUBN, M MZIC] S4, TS, s MRl B2 BES 0j2E F2 14U 2 st
. S5 ASRE MENAOIM ZAZ S} IAZ U LR B2 £ SO| ChIH HES S

« W2tA 0| 27| 23 IUCN(International Union for
Species of Wild Fauna and Flora)2t = ChFot &of &

Conservation of Nature)2t CITES(Convention on International Trade in Endangered
CHA|S0| HEe| B4 & 22| E |6l =& st

k=1
(LI Ry MO

« 20259 7|E HER 378 2 62%7I fI¥ES L1 AT AHA ULH 55% = qH|HLE HE 7t RSt ZTLE 850 JUS
318 species
62% 234 vulnerabled species 959% 208 managed species

&
YEGMRNY
s

/]
/ 4
\

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

Anpendix|: 41species
: 167 species

Anpendixlil: 16 species
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- Global threats * Local threats

- MA|2] &4 (Habitat loss) : MAIZ| #1& L 2|5t

=

- 71= #H=l(Climate change) : 2=0] U2t JE0| 2Y&[= HILEASS
NAH 7|5 nzt - A9 AH|(Local consumption) : A& 2755t L=
- OpdEE A2l(Wildlife trade) : 3| HS2| 28 2of, 21YZ9| =¢ - ZYUZ(Invasive species) : E2FZ 10| A A MO}
@ south America (Entirety) @) Europe (Entirety)

- Invasive species
- Habitatloss
- Climate change

- Habitat loss
- Wildlifetrade

Africa (West)

Q North America (US) - Habitat loss (& ) Asia (Entlrety) FiadDIlAdl 10353
- Wildlife trade - Local consumption - Local consumption /
- Habitat loss - Climate change - Habitatloss
ﬂchmale change - Invasive species
- Wildlifetrade

Oceania (AU)
- Habitat loss

- Invasive species

- Climate change
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[H5F 7S flst USAs 7= 28]

. QIZ2|S(Artificial Intelligence, Al) 7|22 0|21t 31| E 2+5}517| 9|5F S0l 4£EH0| € 4 QIS

-+ O s As2 oPdEE HY 2 el S AY}sk= ol el #851 e, RYst AE AR US

-+ H2i'd(Deep Learning) 22 C|O|E{0f|M I{H S 22 M2 2 E2|5t 1 BF5HH SYS F20= 5SS 71

« 11 Z20|AX= Convolutional Neural Network(CNN) 222 3Ejst
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Machine-Based Decision

Artificial Intelligence

Machine- Decision

Machine Learning

Error rates (%)

Machine Decision Deep Learning Human Error:5,1%

. )
0

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

8
Revolution of Depth (layers)

Convolutional Neural Network (CNN) (SN — = =— = =

Generative Adversarial Network (GAN)

Recurrent Neural Network (RNN)

mmm Error rates = Depth
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[El2{! 7|4t 00| 2| 27 28! Object detection]

« Object detection 222 CNN 222 7|t = JE|RICH, 2|2 M=o S A0 Ee2| X1 JS
* Object detection 2&=2 0|0|Z|e] 2&F0F ~3list= CNN 2yt ©h2| 0|0|r|e] 2& & OtL|2t O|0|R| L ZHA|
(classification)S ~&lict

« O|0|R| L 024 1} 74|7t 25t AR 2t 21} 7i3|e] AlE0| 7HsEt

AT EX S YN Y2 E

AT EN YUY 2y 2 E

Feature
extraction

dA 3| (regression)2} &

Regression

oA

Classification

{Object detection 22! 72>




N7 24 T el = sl ASAIS(Al)

[El2{! 7|4t 00| 2| 27 28! Object detection]

* Object detection REHI2 271X[Q| 222 LI
- 2-stage detectors : 3|7/ (regression) 2} &3 (classification) S A2 &2 £33k (sequentially)
- 1-stage detectors : 3|7/ (regression)2} &5 (classification) S SA|0f] =&8SH(simultaneously)

« 7|£0] 2-stage detectors= ACHZ o=z DEIo

20] Hot Ut ZA|THGI0|E *2| £E7t 2|tz £40] /AU, 1-stage detectors= ATHH2Z ZHO|
HE 7 YRG0 2| S0t iEC= )

« B}A|Qt 2|2 7HEE| = 1-stage detectorsSE W2 £ 2 R 2|51 2-stage detectors?t SAFSH YSEE 7122 7| D Qe

—

= [M2tA 2|2 HRE2| OFlESE E| & &7 H10lM= 1-stage detector/t =2 AFEE| 1 S

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

“Macrochelys temminckii’ o
Feature Regression

maps

Feature

maps Classification

Image Regression Cim g o “Macrochelys temminckii’

Classification

{2-stage detectors?} 1-stage detectors2| Of|A| O|O|Z|>
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S(CITES) M= =+ A+

| H=Zo|7|= HEe= = IO} tH
[1 * E ﬂ = °TI I ° (CITES) -I=I1_1T 36° = Global Trends in Turtle Trade
(Unit: million individuals) 55‘75 2v§|3\B
« 2009~2014H7t & 40739 A0IU&= =A44 BEZL7|S0| = A2=2
HAERL, 2 F ofZF7(Reptile)Z7} 178F 22 7t B0| =Y (Import)E
- IIER S0ME ASR 515, Z0MEF 498322 ASF7 71 Ho| UE= F
oz ety
* gél 7-| ET-I?I_E OH%%%EA-I 7|7|- ior 7HOI Af%o' EML}mA1 IOI a‘%%}ﬂ 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
U 2H
Imports and Exports of Turtles in Korea
o A £YED e TAHH BEV|S2 HHAHSZ Eljetd EYS VU E F B
Imports 22,776
g mstn 9is .
. JeiLt ofY CheE sl IHH BEVIES WM LYol HEHES
2 S5 HE= A2 AP US
o etM, =ZAH BZL27|S2 Y &E|E fIo] Z0A 415, st 74| E
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T A HEL|7|S(CITES) HE &&F A+

HER= QU RE OLAOIOM AlF, Q|AZ2 2 0|50 ol Ot S22 £27t =2 EFY
JEi 2 A ESILE FAret M, LIS AW S5 2H0f| HR0| oj2fE + US
=2+ U 0]

SZ7 HEf MERSHAOl YA, WSl Qs WHO| L 4 /0| AT Hef SHO|

- FHElE ZsRE |4 715, @ 715, Uit 50| 25 XetE

Geochelone platynotan Chelonoidlis chilensis

Chelonoidis denticulate

Chelonoidis carbonaria
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A=

o'l'|7|

= 36Z9| dataset += A1

=(CITES) H=

of

Backbone network
Number | Family Species set Lid Test set VGGNet 16 through Con5_3 layer
1 Carcttochelyidac | Carettochelys insculpta 156 33 34
E Chelidac Chelodina mccordi 105 22 23
3 Cheloiniidae Caretta caretfa 109 23 24
4 Cheloiniidae Chelonia mydas 126 27 28
5 Cheloiniidae Eretrmochelys imbricata 106 22 24
L) Cheloiniidae Macrochelys termmminckii 158 33 35
7 Emydidae Clermmys gutfata 150 32 33
& Emydidae Grapterys ouachitensis 109 23 25
El Emydidae 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 Geocmydidac Mauremys 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\?\ " = z
23 Testudinidae Chersira angulata 121 26 27 f \Q+\+\.°' \q+\+\@' +"\,\:{;§: N /‘:&‘ =y ~
E Testudinidas Geochelone elegans 135 29 30 ot 4> ot 4 - +°-,.+ + ey +V P . I
25 Testudinidas Geochelane platynota 125 BT ) - Q'{._:" QL BNt +‘)V & \+\ & At “_\":é_t_ff P e
26 Testudinidac Geochelone sulcats 105 ER) 23 = [ e Cd»‘;ﬂ;-f’ _5.':"_::-'* \"-'.\ i Q g +"§T
27 Testudinidac Gopherus berdandieri 105 ES 33 ; o O ook el
28 Testudinidac Tndotestudo clangata 107 E X g (a4 e & = {.-'.5
29 Testudinidac Malacochersus tormieri 147 31 32 4 < o
30 Testudinidac Manouria enys 105 22 23
31 Testudinidae Manouria impressa 109 23 24
32 Testudinidae Stigmochelys pardealis 192 41 42
33 Testudinidac Testudo 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 . . .
T [ <Single Shot MultiBox Detector (SSD) Model Architecture)

51&2| O|0[R]E 4 — O|0|A| 7} F=ot 1555

/1 —

- Data collection : iNaturalist2} GoogledjM ZUZ £QUg|= HEZ 2|t 36&2| O|0]|

dataset= #+=

« Data selection : &Ej EA0| 7|Z2HE 7| =& & =Z, AZZ2| O|0|Z| A|A (Total : 6,934)
« Data augmentation : Horizontal flip, Rotate, Zoom-in, Zoom-out, Translate
Object detection 2& = 1-stage detectors2| &=2Q! Single Shot MultiBox Detector (SSD) 222 &&
15 R

SANGMYUNG UNIVERSITY

* Model training :




I A HES|7|S(CITES) {5 &F A+

<871 2ol g5 E7t 21

" —— Model MAP Inference time (s)
. = — EEEm _ 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

A
0k

AN
= 229 ¢

or

gt 2

« mAP: 87l 22 = VGGNet16 model(77.7%)0| 712 U420 ResNet18 model(87.7%)0| 71& =A| LIEtL
* Inference time : ResNet18 model(0.024s)0| 7}2+ et DenseNet121 model(0.052s)0| 7+& =2|A| LIElL

* ResNet18 modelO| 71 =2 mAP2} Inference timeS EF S

=1 AHO4CHOH
i} 0 O "_I].L
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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| - -/ -/-/-/1=-1=-1=-1-1s78 -| -| -/ -1 - - =1 =1T=1-1T-=-1T=-1T=-1T-=-1T-=-1T=1T=1T=1=-1=1T-=1-=-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 -|-|-|-|-|-|-|-|-[-|@ -|-|-]-]|-
2 17| - |- -[=-1-1T-1T-B8] -| - -1T-1-1-T-l2 826 - — = =T =1 =-1T-=1T=1T<=1T=1T-=1-1=T1T=1T-=71<-1==
S| - [ -B38 - - - =1 -[=[=-[-/e9) - [ -35/35 35 B - | - | - | - - [ - - -[=-1T-=[=[T=1B8 - -[-1-1-
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-=
) ey g gy gy gy ey /S N 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
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« Average correct classification rate : 82.8%
o 8 2 2 mAPZt 7t =UHE ResNet18 model?| 2% H52 confusion matrixg Eoff LtEHH
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« Challenge factors : &= &30|M2Q 32 A3t (Underwater image degradation), O|O|E B Z(Insufficient data), HEHZH [AA

(Morphological similarity)
2HH0IMQ| Hs Fet(Underwater performance enhancement, e £4& 2 20{Z=& 0|0]2] 27t £ (Collection

(Adoption of advanced models) (e.g. YOLOV5)

 Future studies : £
of morphology-clear image), Z|Al & AL
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www.nature.com/scientificreports

scientific reports
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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 md 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 to 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, Chelydra serpenting, was imported to hpm froen 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™,

‘Department of Biotechnoiogy, Sangmyung University, Seoul 03016, Korea. *These authors contributed equally.
Jong-Won Baek and Jung 8 Kim. “email: evodevo(@smu.ac kr

ScentificReports| (20231323677 | hitps:[idol.org/10.1038/541598-023-49022-3 mature portiio
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« 2 MO MAISHS BICEH S (sea turtles) 7& BE= BES|7|Z22 2 FE|0f A20{ CITES Appendix 10] ZFHE|0f 2AHQl &S 80 /2
« AT 100N Chelonia mydas= 718 42 22 452 HHOD £ BAM 2Y HS0| A5}el= 2 3HolE

A= 5ot A +F eHEe O, BAtE, FR=, HYet sidd= S Saet tld 248 Zekctd Q0] 44| ez|et 27 P S Asi7|= 2

oF A o
A0 2483 4 9IS

o n>

o M2tM, 30| MASH= HICIHEL| 25 A2t E ek tA|7| oAM= ALt HAH E & F26t= 7|= A 80| et
* You Only Look Once(YOLO)= 3| (regression)2} &5 (classification)& SA|0f| O| ZH| ErZ| ZEIQI 7|2 ZHH| EIZ| 2 &I O]
== JSEot i E 22| S5 E0[H, kot M= L O s2 &5 A0l 454

Caretta caretta Lepidochelys kempii Lepidochelys olivacea Chelonia mydas Eretmochelys imbricata Natator depressus Dermochelys coriacea
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* YOLO-sege A€ HA T2 #2510, =&¢t O|0|X|0A ELt YLt 277t 7tsot=S 7l AAHA HOHE[0]E 2 (instance

=
segmentation model)2!

- OetM, Be A4 22| EAIE 0 HA2] dEefjet A MEsA A2 +~ UAs 50 US

I

« COCO Dataset 7|22 Mask R-CNN 2! YOLACTEL 243t M52 EF oD, L2t 2| £ 2T HOM =2 Y3 &0lstF S
© 55| ST Y 43 H1Y HAOIME AR FAS YUSHA PRE 4 0l 2O HEHE HY 220} R0 HEH RU2 WIIE D US

« 2 HAOME 729 HIHAHE 2F Hds2 =0|7| 2o instance segmentation=

< Object detection model> < Instance segmentation model>




HICHS S e 22 SS9 @

(&= A0 2ALE 759] HITHAS

gol

FSt= H[O[E AL D

Backbone Neck Detection Head
Species Training set  Validation set Test set I I I
Caretta caretta 93 23 30 Object detection
[e,OIO'OC/?é’/yS /(6’/77,0// 40 1 O 1 3 | I CBS 9. SPPH | 11. Upsumpling . :li

B 22 Concal
Lepidochelys olivacea 58 14 20 [ -:lzlzs s.!:a :
11. CBS

Chelonia myaas 501 125 158 [ 2 im 7 {jl:HS 13.C3 11-1 ;1 |
I S |
Eretmochelys imbricata 149 37 47 [ ‘i“s "iﬂ = 19. Concat
18. CHS

Natator depressus 40 10 14 | TaE—  s.ces 15, Upsampling

16, Congat

Dermochelys coriacea 156 39 50

17.C3

Total 1,037 258 332

< YOLOV52} YOLOVS-seg B& 1R E >

« Data collection : iNaturalist2} GoogleO| M 7Z2| HICtHE 1} CHFSH B A S EL&H5H0] £~
« Data selection : ™Ef EA0| 7|Mel 7| =2 L =2, HFZA2| 0|0|R| A|A (Total : 1,627)
+ Data augmentation : Aloumentation, Mosaic augmentation

* Model training : Object detection model (YOLOvV5)2} Instance segmentation model(YOLOv5-seg), epoch 1000, patience 100, imgsz 640
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( A) 0.030 (B) (C) 0.040
— Object detection model —— Object detection model

— Object detection model

0.014 A
Instance segmentation model Instance segmentation model — Instance segmentation model
0.035
0.025
0.012
0.030
0.020 2 0.010
= b4 0.025
2 — 2
j § 0.008 ..3
2 0.015 = = 0.020
7] S =
= = O
® "= 0.006 " &%
0.010 = o
0.004
0.010
0.005
2
002 0.005
0.000 0.000 0.000
0 100 . hZOO 300 0 100 : hz‘“' S 0 100 200 300
‘pochs Lpochs Epochs

<2t 2EE9] Loss function 244>

(A) Classes loss, Lcls, (B) Objectness loss, Loby, (C) Complete Intersection over Union (CloU) loss, LCloU

« Overfitting : object detection model2} instance segmentation model 25 2}A5t0| LO{LIR| LUAS
* Three loss value (class, objectness, and CloU): object detection > instance segmentation
» Discrepancy between predicted and actual results : object detection > instance segmentation
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<2 ALO|M H| 2EO| Precision, recall, and mean Average Precision (mAP) &< H|u)

. Precision Recall mAPO0.5 mAP0.5-0.95

>pecies YOLOV5 YOLOv5-seg  YOLOVS YOLOV5-seg YOLOvV5 YOLOv5-seg  YOLOvVS 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

« mAPO.5 : object detection model (0.885) vs. instance segmentation model (0.918)
 mAPO0.5-0.95 : object detection model (0.795) vs. instance segmentation model (0.831)
« Improvement factors : mAPO.52F mAP0.5-0.950||A] 45 25 instance segmentation modeld|AM MEAS
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=2 OO0 OO L.

Predicted label
(A) ( B) Predicted label
Background
3 Cm Ei Nd Dc FN . Background
- 100.0 Cm Ei Nd Dc FN
— 100.0
Cc 6.7
Ce 10.0 3.3
Lk 154 — 800
Lk 154 — 80.0
= Lo 20.0 70.0 5.0 5.0 _ Lo 15.0 80.0 5.0
- - 60.0 2 600
= . — 60.
g Cm 0.6 96.3 1.9 1.2 : Cm 95.0 4.4 0.6
:
\e 4
b o I 21 . » .
- 400
Nd 6.7 73.3 6.7 13.3 Nd 033 6.7
- 20.0
Background i
FP 5.9 294 11.8 17.6 17.6 11.8 5.9 Backl?;mxl 59 176 29.4 204 17.6
-0.0

 7Z9| HICPHE EFENE B0== Confusion matrix >
(A)YOLOV5 model2| Confusion matrix, (B) YOLOv5-seg model2| Confusion matrix

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

Average correct classification rate : Object detection model (84.3%) vs instance segmentation model (86.1%)
« Improvement factors : ES Y& T kA ERX| M5 SFA (Natator depressus 2F B AO| @ &= JlA)
« Challenge factors : H|0|E] 2= (Insufficient data), YEHAH FAHS (Morphological similarity)

=

» Future studies : YEf EA4S & E0{F= 0|0|R| 27t £~2(Collection of morphology-clear image), 2|4l 28 At (Adoption of advanced

=
models) (e.g. YOLO11), 2& L1z IZIRfOl(Archltecture design)
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Bol gy Q) == L L35 < ¥F=8o
PEOSORE ExAlE 2026 8. 21.(F) 12:00 (S22l =) =T 2026 8 20.(F)
SQHSEX M
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el H}f O -I
Deepear AZA|S(AD 7|t = 7 135
Deep learning-based image classification of s wwn e 7| " 7HH|-
, . . o) 04
sea turtles using object detection and o e e e 1y )
- ; dels = = ) S0 o B Eaémo e
instance segmentation mo g o2 ow s 1020250002076 (E4HS 11-2025-0365787-74) - ZEaESAen BT Y9 BEWos s X Two] fo
Jong-Won Baek™, Jung-il Kim*, Chang-Bae Kim . * e [DASﬂEiczﬁDz\ 1 | _,__I_I_- — :ﬁ_:_‘ . . - z]
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[3. Hyperparameter optimizationg &%t 2 M5 4]

© AT 19 B2 HUZ(invasive species)?] £ U B4 THSAHS BOIRO, O e DY HOF Of2t A MARIOINE 27| BRI B2l
Lo NS 22

. E3| HE2L= A00| 2D TS BHA0| M AUR S 2 Q10] AIEHA|0f O|2|= Y3k0| A0, 7|2 AL O 2 0l5 EatZnjo| AM JtSAME 2715t e

Qﬁ% o0 AL HEIAE FAISH| fIsiM= 27184 & A=5C)S(Early Detection and Rapid Response, EDRR)S

o O|% -?—léHklE _L)ko"% | |' §|-E| EC-||O| %‘_.C_?_offﬁ, 7|_f-9_| El:-llo E||0|E'|k“0'" zl"*ﬂf(Optlmlzatmn)°F2§M1 g%% %o':ﬁl'Al;al %.9..7|' %l%

r

* Hyperparameter optimization0i|= CHHE 22l Optimizer selectiont Hyperparameter tuning0O| Z&t=|0{ S

+ = FF0ME 639 2efiASS U=
Yoot H| WSS

N

7| 2] 458 =0[7| 2Ioil Hyperparameter optimization2 285t 2H, 28 MFo| R M5S

Chelydra serpentina Macrochelys temminckii Mauremys sinensis Pseudemys concinna Pseudemys nelsoni Trachemys spp.
| e A , _ i _ _ ) B

=1 AHO4CHOH
i} 0 O "_I].L

SANGMYUNG UNIVERSITY



MR A £ 25 2Y M5 B4 A7

< Q|2 HE 6&2| dataset = Z1} > : Backbone | Neck | Head ,
Species Training set Validation set Test set ) ‘E o
L] -Cunv
y 80x80 (min256.mc[xw)
Chelydra serpentina 1,543 385 483 om0 G2
R .. S@t 20280 (r(::lioul?:?m:\‘iw) 40x40 (u}iu\Sllum\xw)
Macrochelys temminckii 184 46 59 e s ‘ o
-Conv etec
M . . 474 1 1 8 1 49 SM‘U hortcut=False n=3xd
auremys Sinensis + 40x40 (min/512.me[xw)
y.
Shortcut=False n=6xd 20x20 (min 1024, mefxw)
. +
PseUdemyS COnC/nna 5 3 9 1 3 4 1 7 O Shortcut=False n=3xd
40x40 (min/512.mcxw)
12
Pseudemys nelsoni 643 160 203 Lo r i Coneat |
on:ur:*me 6 40%40 (minl312.mefxw 20520 (in] 1024.me[xw)
Trachemys scripta 1,054 263 331 _.
20520 (min/1024.meixw) Shorteur-False n-3x
Tota | 4 , 4 3 7 1 , 1 O 6 1 , 3 9 5 Shorteut=True n=3xd

<YOLOMT 2% 725D

« Data collection : iNaturalist2} GoogleO| A 6Z2| 2|2fZ HE 0|0|x|E £
« Data selection : ¥Ei EA0| 7|l 7|A =2 & =2, X/ F22| O|0|X| A|AH (Total : 6,934)

« Data augmentation : Aloumentation, Mosaic augmentation

« Model training : YOLO11 222 At25tFH 20, optimizer selection hyperparameter tunings A5t 2|A3HOptimization)
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[Optimizer selection]

(A) . (B) . Q) -

SGD model SGD model SGD model
Adam model Adam model Adam model
| Nadam model Nadam model Nadam model
I-I RAdam model 8 RAdam model 4 RAdam model
PR | |
| |
6 3
~ | | L
= Y < ) |
) ~ ~ \
= | N
4 2 h
I s M
2 1
0 0 0
0 100 200 300 0 100 200 300 0 100 200 300
Epoch Epoch Epoch

CCRFSH optimizerZ &% 2RIS2| loss function Z1t H| 1)

(A) Complete Intersection over Union loss, LCloU, (B) Classification loss, Lcls, (C) Distribution focal loss, Ldf!

«  AdamW model : 2}A St 2H4l (Overfitting)
*  RMSProp model : £2|2& S2t4d (numerical instability)2 2 Qlsf| k& AlIf
A

« Nadam model : 2tA&E LO{LIR| LA LEH(No Overfitting), Ml 7HA| lossO|A 71 U2 &2 2 (= highest losses)

* SGD model : 2}AE Q10| (No Overfitting), Ml 7tA| lossOl|l M 7t 45t Hs= B (= lowest losses)

Y=l AMHOHCHOR
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[Optimizer selection] o
’ SGD model

—

. Adam model
. Nadam model
—

Radam model

Precision Recall mAPO.5 mAPO0.5-0.95

CIF5t optimizer2 & El 2EES9| Precision, Recall, mAP0.5-0.95 A1} H|11)

0.9

Value
=
=]

0.

~1

0.

=)

« mAPO.5 : Nadam model (0.904) ~ SGD model (0.959)
« mAPO0.5-0.95 : Nadam model (0.725) ~ SGD model (0.815)
« SGD model : 2 T} 2| E (Precision, Recall, mAP0.5, mAP0.5-0.95)0|M 71 243t A2 s
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[Hyperparameter tuning] o
<{Default model2} Optimized model2| hyperparameter Zf H|1>

Ir0 = 0.00688 Irf=0.01122 momentum = 0.96821 weight_decay = 0.00076

{Hyperparameter tuning 2+d0{|A2| scatters plot)

z ﬁi .!ﬁ’ = .:ﬁ = '.& ?"! Hyperparameter Description Default model Optimized model
g A R I 2 :"*'-. . g;-‘ K Ir0 Initial learning rate 0.01000 0.00688
S : * ’ Irf Final learning rate 0.01000 0.01122
ey 0 e momentum Momentum factor for SGD or beta1 for Adam optimizers 0.93700 0.96821
- M I R s ) R % ; . weight_decay L2 regularization term 0.00050 0.00076
é _ % }.’%‘1 . 'f.,.., e | _;:‘t warmup_epoch Number of epochs for learning rate warmup 3.00000 3.45669
omof ° ) E * . warmup_momentum Initial momentum for warmup phase 0.80000 0.93534
ml— L . Il . Il . ] box Weight of the Complete Intersection over Union loss function 7.50000 6.284381
T 1m0 "'“:‘”’ m"‘_‘.’““”‘“ 2T ._“"‘" ".“,:"“’ cls Weight of the classification loss function 0.50000 0.77211
e ﬁg\ \%:ﬁ i ggm ke ;,:j-.. 7 dfl Weight of the distributi_on focal loss function 1.50000 1.33119
e F § feRTI3%C| I wendl | B G TRE ¢ hsv_h Adjusting thg hue of the image _by a color wheel 0.01500 0.01087

to introduce color variability

hsv_s Altering the saturation of the image 0.70000 0.82473
N | e 71T i ‘ hsv_v Modifying the value (brightness) of the image 0.40000 0.27159
i) > ;’ * 2 M R i *j translate Translating the image horizontally and vertically 0.10000 0.12203
e bl IRE S 43y * ot scale Scaling the image by a gain factor 0.50000 0.57497
¥ - " 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

Random searchE 0|25t SGD model?| 16742| hyperparameter 24

Optimal hyperparameter combination : 114t iteration

Training-related hyperparameters : ¢+4/M 3! Z3tE SkAHEnhance stability and accuracy)

Augmentation-related hyperparameters : Gl|O|E{ 2ff= Z|AZ}H(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 modelZ} Optimized modelQ| Loss function H| >

A) Complete Intersection over Union loss, LC/oU, B) Classification loss, Lcls, C) Distribution focal loss, Ldf/

Overfitting : non-fine-tuned modelZt fine-tuned model 25 2tA5t0| LO{LIR| LS (No overfitting)

Default model : Lc/s 0| A lower values (=lower error)E LIEHH
Optimized model : LCloU, LdfIO|M lower values (=lower error)S LtEIHH
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5
<Default model2 Optimized model2| Loss < Hyperparameter tuning & A & @& A5 b2 >

Precision Recall mAPO.5 mAP0.5-0.95
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

o 7|2 MdFYS AT 222 Default modelZ LIEILIY Hyperparameter tunings A&t 222 Optimized modelZ LIEHH
« mAPO.5 : Default model (0.959) vs. Optimized model (0.973)

 mAPO0.5-0.95 : Default model (0.815) vs. Optimized model (0.841)

*  mAP0.52} mAP0.5-0.950|M s &5 hyperparameter tuning 0|% SFE|US
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( A) Predicted label (B) Predicted label

True label

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

= 100.0

— 100.0

0.5

Mt | 174 22 e - Mt 130 e
Ms 0.6 4. 0.6 3.8 600 E Ms 1.9 1.9 3.2 600
Pe m 37 88 34 — 400 = Pc 14 27 41 — 400
Pn 17 11 O 23 34 s = Pn 0.6 0.6 1.7 0.6 28 .
T 1.6 1.6 10 06 5.8 . T 06 10 1.0 BOEM 54 .

LlefHEL 22 452 B0 F &= confusion matrix>
(A) Default model, (B) Optimized model
Cs, Chelydra serpentina; Mt, Macrochelys temminckii, Ms, Mauremys sinensis, Pc, Pseudemys concinna; Pn, Pseudemys nelsoni, Ts, Trachemys scripta

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

Macrochelys temminckii - 80.4% — 87.0% (The second highest improvement)

S22 hyperparameter tuning 2| 482 7|2 24 2= HI0IEA0]| 2[22H(Optimization)22M ZEO| 455 S0 =32 2 + USS
sto|at
o [ S e |
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scientific reports

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 biodi ity loss, ing the i e of
early detection and management. However, it is challenging for experts to manually monitor a bread
geographic ares, necessitating support tools. Deep leaming:based object detection models have
displayed high in ing wildlife itoring tasks. Furth

optimization, including optimizer selection and hyperparameter tuning, might furulel enhance
performance by optimizing training smngsw the dataset. In this study, an optimized model was

to apply h 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 proposed approach
can support the early detection of invasive turtles, thereby pecies

Keywords Invasive turtle, Early detection, Deep learning, Object detection, Hyperparameter optimization

ofl g preadofthese
species are facilitated primar y 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 adapl 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 freshwater turtles os 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

Invasive species are major driv

‘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

Scientific Reports|  [2026) 267561
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Hyperparameter tuning 7148tE 215t LLM 7|8t 0f|0| M E &H8 L

[4. Hyperparameter tuning A|Zt Z2Z2H2 2|5t 0|0| M E 2 &l 5t2]

« A3t 29| H{ O M= HICtH S (sea turtles) 22| 248 A Zot, AT 30| = Hyperparameter tuning0| 22| M5 THtof| 22t S LSS

«  7|29| Hyperparameter tuning® Grid Search, Random Search, Genetic Algorithm S& AF235IZ|Ct O|2{ot HRHEL2 Ok2 st4 A7t} GPU AHelS
LI5IC= SHAI7F Y-S

«  Z|Z20||= Large Language Models(LLM) 7|8te] Al O|MEV} =21 MHHFLE 2

iz

0o

St0| 25t hyperparameters g 4 U= 7t5d0] AAIE L U

fob

o0x
_o'|_|
kJ

x

« &2 HT0|A= BioNexusAt2| Nexus Science 7|8t 3L Of|0| M E S &-&510{ YOLO 22 8 = hyperparameterE 4

U

- OIS Salf B E7t= st 7'd 2t Q10| &2] 452 SdA7]12, 7I1& HPO Chl| a4~ Bl =F0| AjZF 2 23S HE 4+ ASS st &

Ul

(@) | (b) e ? ] N (©) Selection Mutation

:

...._.. =S

—) Crossover

@

®
Important parameter

@

L

@
Important parameter

Important parameter Important parameter Done
< 7|2 olo|If2tolg 2|ASHHPO)E 2Iet Chkst 2n2|S el >
(a) Random search, (b) Grid search ,(c) Genetic algorithm

=1 AHO4CHOH
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# ROLE
TERMIMAL You are a Senior Computer Vision Researcher specializing in YOLO-based cbject

detection, underwater detection, literature-driven hyperparameter optimization,

. . . . mAP-based performance back-reascning, and HW-aware training optimization.

(base) jongwon@jongui-MacBookPro ~ HUS ence !
# TASK

1 I Analyse the trained <MODEL> result on the sea-turtle dataset and produce a
|| ! literature-grounded recommendation that improves mAP. Follow the 13 STEPs

below in strict order; do not skip stages or short-cut to a summary.

# TEXT-ONLY EXECUTION RULE

Never perform pixel-level vision analysis. Use only: annotations, bbox
statistics, image resolution metadata, dataset structure, training logs,
results.csv, confusion-matrix numbers, and paper metadata.

# SYSTEM ENVIRONMENT

0S: Rocky Linux 8 | CPU: Intel Xeon Gold 6326 x2 | RAM: 512GB ECC DDR4
GPU: NVIDIA RTX A5000 24GB

Stack: Python 3.8.2 | CUDA 12.2 | cuDNN 8.9.3 | PyTorch 2.0.1

# INPUT PATHS
Dataset: /Users/Desktop/<Dataset>
Baseline run: /Users/Desktop/<MODEL>/

+ AI-Powered Research. From Paper to Discovery. +

=

GLOBAL CONSTRAINTS

- At least 500 surveyed papers (single recommendation only)
Performance-weighted analysis (higher-mAP papers carry higher weight)
- Reject paper-only or default-only justifications

- Recommend only hyperparameters that exist in <MODEL>

glm=5.1-Tp8 - All values must be executable under the listed HW
https://1lm.gootec.ai.

# STEPS (each STEP must be produced in order)

STEP 1. Dataset state analysis

STEP 2. Baseline <MODEL> result analysis (mAP, P, R, loss curves, bottleneck)
STEP 3. <MODEL> hyperparameter inventory (only parameters that exist)

STEP 4. Paper collection and metadata audit (»>=500 papers)

STEP 5. Per-parameter HP <-> mAP relationship (weighted, not frequency)

STEP 6. Link dataset issues + baseline bottlenecks + paper patterns

STEP 7. HW-aware feasibility (imgsz/batch ranges, workers, cache mode)
STEP 8. Final recommended values (one value per HP)
STEP 9. Per-parameter detailed justification

STEP 10. Final YAML

STEP 11. Predicted mAP improvement (single number)
STEP 12. Confidence assessment per HP

STEP 13. References (>=500 entries)

2 A0 M &5 Nexus Science SHH Of|A]> <{ Nexus Science 2|2 T2 E 5

« Agent model : glm 7|8t2| Nexus Science (glm-5.1-fp8)
« Prompt : 13 stage (Dataset analysis, Paper collection, Result analysis, Result summary, Reference)
« The number of papers to collect : 2|4 50011._‘| 0|4+ (> 500 papers)

 Output : Default 2f2 Recommended f B|1 &4 2 =

l'} |13 AHH I:" L) g

O wnummn IIHIVEISIT\'
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< Hyperparameter gt =4 A2 A|Zh B uWHE) < Hyperparameter optimization 4s HW#)
Nexus  Baek Reduction Model Default Tuned mAP
Model Science etal., Ultralytics (vs Baek/
202
Lol ‘““""‘:““} YOLOVSX 0.680 0.802 +0.122
YOLOv8x 18m 9s 9999:_9.?0/,;
YOLOV9e 0.665 0.820 + 0.155
YOLOv9%e 35m 13s gggg:gf ;’;if
: YOLOv10x 0.688 0.727 + 0.039
YOLOv10x 42m 20s 9999:.925;!;’! YOL
1379h  ~100h N ; OLO11x 0.752 0.806 + 0.054
97%
YOLOvIIx  25m 355 99.57% YOLO12x 0.738 0.773 +0.035
99.97% /
YOLOvI2x 24m 17s 99.60% YOLO26x 0.670 0.798 +0.128
99.95% /
YOLO26x  37m49s 99.37% Mean 0.699 0.788 + 0.089

« Tuning time : 18m 9s ~ 42m 20s (7|& tuningOfl Z2|= A2t 2F 99% =)
« Model performance : 24 YOLO112| +0.039 ~ 2[C{ YOLOv9e?2| +0.155
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o1

(a) Architectural upgrade (vs. YOLOv8x default) (b) Nexus Science HPO (per model)
0.20 -

+0.155

0.15 1
0.10 4

k 0.05 4 ﬂ.]’l.'l N

man
+0.023

=0.05 1 0.00 4

0.00 4 E— 0.05 1

A mAP@0.5

1

1

i

i

i

1

1

i

i

i

1

i

i

i

1

1

i

i

1

1

i

i
+
=
=
&

b mAP@0.5

=0.10

medan

= +0.080

i ; oy -0.05 :
A O AVF AT A vBx vie v10x 11x 12x 26x

{Hyperparameter optimization A< H|ux J2fZ>

(a) 22 HAM H A2|0|E Ms H|, (b) Nexus Science X8 Hyperparameter optimization & 845 H|1l

« Improvement factors : 6712| 2= mAP A5 SFAH (B +0.089)
« Challenge factors : A3l H12to| 10 1 45 H|L
» Future studies : Retrieval Augmented Generation(RAG)2 &% L2 2A &2, 10 1 M= H & 2[5t Als A
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Accelerating Hyperparameter Tuning for YOLO-Based
Endangered Sea Turtle Classification via an LLM-Agent Recommendation

Jong Won Back ! Gwon Yul Jo! Tae Wan Goo!

Abstract

Hyperparameter tuning for object detection is
a nmc-consuming cognitive task that ML re-
searchers face repeatedly: every candidaie config-
uration demands a full training run, and conven-
tional search algorithms routinely consume hun-
dreds to thousands of hours per tuned model. We
share a simple Al-assisted workflow that collapses
this inner loop into a one-shot literature-driven
recommendation from an LLM-based research
agent (Nexus Science): given a task description,
dataset properties, and a target model vanant, the
agent surveys =500 published papers and returns
a single hyperparameter configuration in under
one hour. Applied w six YOLO variants (v8x,
vie, vilx, 11x, 12x, and 26x) on a seven-species
sca turtle classification task, the workflow yiclds
an average mAP@(.5 improvement of +(0.089
over Ultralytics defaults—larger than the gamn
from any architectural upgrade within the same
family. Each per-model recommendation com-
pletes in 1842 minutes, climinating over 99% of
the wall-clock cost reported for hyperparameter
optimization (HPO) approaches studied in prior
work on YOLO models. We release the full 13-
step prompt, recommended configurations, and
venification scripts so that other practiioners
can reproduce or adapt the methodology with
their preferred LLM-based research agent. To-
gether, this work offers a concrete, reproducible
case for accelerating hyperparameter tuning by
replacing scarch-based HPO with a onc-shot
literature-driven LLM recommendation.

'BioNexus, 11F, Gwanggyo Business Center, 156 Gwanggyo-
m, Yeongiong-gu, Suwen-si, Gyeonggi-do, Republic of
Korea_ Comespondence vo: Jong Won Back <jong-
won_back @bionexus kr=.

Proveedings of the {37 Internarional Conference on Machine
Leaming, Seoul, South Korea, PMLR 306, 2026. Copyright 2076
by the author(s).

1. Introduction

Sea turtles are among the most threatened marine taxa,
with all seven extant species—Caretta caretta, Chelonia
mydas, Ereimochelys imbricata, Lepidochelys olivacea, Lep-
idochelys kempii, Natator depressus, and Dermochelys cori-
acea—listed on the IUCN Red List (IUCN, 2024). Reliable.
scalable identification from imagery is essential for popu-
lation monitoning, by-catch reduction. and anti-poaching
enforcement. Deep object detectors of the YOLO family
have rapidly become the de facto standard for such tasks,
owing to their favorable accuracy—latency trade-off and the
steady release of improved variants from v8 through the
recently announced v26.

Defanlt hyperparameters for each new YOLO release are cal-
ibrated against general-purpose benchmarks such as COCO
and are therefore frequently sub-optimal for fine-graimed
ecological datasets. Practitioners consequently rely on hy-
|perparameter optimization {HPO) methods, which typically
consume budgets one to two orders of magnitude larger than
the cost of a single training run, regularly observed across
YOLO-argeted HPO sudies (Baek et al., 2026). Recent
progress in large language model (LLM) agents suggests
an alternative: rather than searching the hyperparameter
space empirically. an agent can reason over the published
literature to extract configurations that worked for similar
models on analogous tasks, and propose a small set of high-
quality candidates. Unlike fixed search algorithms, such a
workflow also improves naturally over time at no additional
algorithmic cost, as the literature grows ncher and LLM-
based research agents become more accurate and robust. In
this paper, we use Nexus Science, an LLM-based research
agent. to produce such recommendations, and we bench-
mark them across six YOLO variants on the seven-species
sea urtle dataset.

Our contributions are as follows:

= A step-by-step methodology applicable across LLM-
based research agents. We replace the conventional
HPO inner loop—one full training run per candidate—
with a single literature-driven recommendation, struc-
tured as a 13-step prompt that other practitioners can
reproduce or adapt with their preferred agent (we use

kil
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Accelerating Hyperparameter Tuning for YOLO- Based
Endangered Sea Turtle Classification via an LLM-Agent Recommendation

Jong Won Blacke <, Gwan Yul Jo, Tis Wan Goo
BicNaxus M\nbunm Contas, Suwan 15506
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and aching; YOLO d hava i e for this sk, with

om 8 furcugh v26.

# Sub-optimal defaults, expessive luning. Each ralass ships delaul hyparparameis ulismm o ganeral banchmarks such & COCO fhat ans oflan sub-opimal for fng-
" . . H - 5 =

optmzation HPO)
2 300-karation madom search.

g —

* De-shet. & i Wi raphace this ampk wih & sl trom an LM reseanh agone. Nexus Berance. which surveys
2500 "] o per i an hour, astha
Comributions
Repredusible mettodalogy o Giaiess fer mmnmmn Oedurs-of-magnitude speed-up
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