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Abstract

The utilization of littoral zone resources by human populations has evolved from

traditional fisheries to a burgeoning blue economy paradigm, notably in coastal

recreation. However, contemporary challenges such as population growth,

urbanization, and climate change have precipitated notable ecological impacts on

intertidal ecosystems, necessitating multifaceted approaches to ensure sustainable

management. Studies in Little Liugiu and Cape Santiago illustrate this dynamic,

showcasing the tension between economic imperatives and environmental

stewardship in the face of increasing tourist pressures. Despite legislative efforts,

regulatory gaps persist, highlighting the importance of community-led conservation

initiatives. This study aims to explore the integration of visual recognition Al

technologies in marine resource management, focusing on green sea turtle

conservation and citizen participation through a hybrid intelligence (HI) framework

combining citizen science (CS) and Al-assisted learning methodologies. Through this

experimentation, the streamlined YOLOvSs model consistently eclipsed its more

complex counterparts in performance. The Santiago HI initiative not only streamlines

vi
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the collective gathering and Al-assisted analysis of critical data but also utilizes

machine-learning outputs to assess data quality, informing subsequent data collection

and refinement strategies. This process fosters a mutual and continuous HI learning

environment through collective and iterative enhancement. Our HI model plays a

crucial role in promoting community engagement and public participation in CS

efforts, developing the skills needed to document changes in rocky intertidal

biodiversity. These efforts are essential for guiding the design and socio-technology

governance of future Marine Protected Areas (MPAs), ensuring their effectiveness

and sustainability in alignment with SDGs 8, 12, and 14 in marine conservation.

Keywords: Green Sea Turtle, Biodiversity, Conservation initiative, Citizen Science,
Marine Protect Areas, Rocky Intertidal Ecosystem, Hybrid Intelligence,

YOLO, SDGs.
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Table 1. The number of instances for each class in the two training datasets after

annotation.

Table 2. Performance metrics of YOLOvV3, YOLOvVS5s, and YOLOVS5I based on

dataset volume, including precision, recall, and F1-score.

Table 3. The instance mAP 5 scores and average class mAP s scores of various

YOLO models as a function of class annotation settings. The plus and minus

symbols indicate an increase or decrease in the mAP s scores when the

number of instances was added.

Table 4. The species list of marine species of Santiago bench complied from authors

previous study (F&, 2011).

Table 5. The number of instances and True Positive (TP) values for different species

data collected by the Proposal Survey Protocol (PSP) and Adaptive Survey

Protocol (ASP).
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Fig. 1. Study sites around Little Liuqiu Island and the island's location relative to

Taiwan (inset).

Fig. 2. The architecture and data pipeline stage of YOLOV3 consists of four main

components: "Input," "Backbone," "Neck," and "Head." The "Backbone"

component is responsible for feature extraction from the input image. The

"Neck" component carries out multi-scale feature detection across three scales:

19x19 grids, 38x38 grids, and 76x76 grids. Finally, the "Head" component

functions as a logistic regression classifier to predict object labels, positions,

bounding sizes, and class probabilities for objects present in the input image.

Fig. 3. Three example instances of one object class after labeling include: (a)

bounding boxes as ground-truth objects; (b) corresponding coding data; and (c)

codes created in the form of (¢, x, y, w, h) after annotation.

Fig. 4. Patterns of features used to annotate label classes: (a) redGT/young patterns

suggestive of juveniles or subadults; (b) marbleGT/older patterns indicating

adults aged over 30 years; (c) images captured by UAV drones; (d) turtles

Xiv
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obscured by murky waters and surface reflections that hinder identification; (e)

backlighting and parts of the turtle's body.

Fig. 5. Performance metrics for all experimental scenarios in this study: (a)

comparative performance of YOLOv3, YOLOVS5s, and YOLOVSI; (b)

Fig. 6. Boxplot displaying the F1-score, mAP0.5, and mAP0.5:0.05:0.95 based on all

experimental results using YOLOv3, YOLOVSs, and YOLOVSL.

Fig. 7. Architecture and information flow of the Al detection service for green sea

turtles: (a) images sent as queries via a user interface API; (b) images

uploaded to the Al neural model for green sea turtle detection; (c)

identification results returned to users through the user interface API, with all

queries and results stored on servers; (d) examples of detected images

uploaded by various users.

Fig. 8. Location of the study site at Cape Santiago, highlighted within a map of

Taiwan (inset).

Fig. 9. An example of a 3x3 Multi-Class confusion matrix with actual species on the

XV
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X-axis/row-grids and predicted species on the Y-axis/column-grids. Focusing

on class A: the AA grid represents a True Positive (TP), the other grids in the

same row are False Positives (FP), the other grids in the same column are

False Negatives (FN), and all remaining grids are True Negatives (TN).

Fig. 10. Survey transect routes according to different survey protocols: (a) routes of

ten transect lines (TSL) under the proposed survey protocol (PSP); (b) a loop

consisting of 4 grooves (GRV) and 4 rock pools (RP) under the adaptive

survey protocol (ASP).

Fig. 11. (a) Species names, scientific names, spatio-temporal data, and instance

numbers of 9 species used to train YOLOv3 following surveys by Citizen

Scientists (CS) under the proposed protocol; (b) confusion matrix results for

different species classifications.

Fig. 12. (a) Species names, scientific names, spatio-temporal data, and instance

numbers of 27 species used to train YOLOV3 following surveys by Citizen

Scientists (CS) under the adaptive protocol; (b) confusion matrix results for

different species classifications.

Xvi

d0i:10.6342/NTU202401236



Fig. 13. The program interface API incorporates an Al recognition service. Users can

utilize the provided species recognition capabilities to search for species in the

field. When they encounter a suspected species, they can capture a photo and

upload it from their mobile phones to the server to request Al identification.

Fig. 14. Examples of identified species instances: (a) four blotched nerites, one

cowrie, and one rocky oyster; (b) one eye spot sea hare; (c) two flat rock crabs;

(d) one kurodai sea hare; (e) ten barnacles; (f) a blue-ringed octopus.

Fig. 15. The Information Flow Diagram (IFD) demonstrates "Tier 3: Hybrid

Intelligence (HI) at the collective level," adapted from Rafner et al., 2021. For

further details, please refer to the accompanying text.

Fig. 16. This illustration depicts the integrative mind map of the Hybrid Intelligence

system, incorporating elements of Citizen Science (CS) and Artificial

Intelligence (AI), and outlining two specific tasks. The map includes eight key

attributes essential for effective system management. Directional arrows

within the diagram illustrate the interactions between components and

attributes. More detailed explanations are provided in the accompanying text.

xvii
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R ES), Pl ERIBEE KFT4,

WFER, Al BERHBRAABEERERALFTERL, Kadm, BAALL

e B R A 2R B 0 SRR TR ARA TR 2020 4F, Badawy ¥ A% Google #» ImageNet

(Deng et al., 2009) M EBK, AlET —EAERBEIEE, EIRT —18 Faster
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R-CNN #974p 484 A (Ren etal., 2016), AR E#H Lo, LAl b6

B ERA TOU 0.8 ¥ BIMA T i 5] 95.7% 4945 7 & Alvarez-Ellacuria 5 A (2020)

A AE A A B AR E AR Mask R-CNN (He et al., 2017), SRR 7 35 B & 5

% (Hake, Merluccius merluccius) &Y &k &, R Z SARXBELE B F T 09I R,

ANEBRE R ARG TR, W, FLHARAER @K Malde FA (2019), French

F A (2020), Tseng A (2020), ¥AK Rick van Essen A (2021), #&42

Al B JE R 74 B B #1380 B R P A I I R 6 S 18k 6 A,

KEBFE LI EEEAMGKTEMG, AR ERTH P RE R TR

BRARF, WahiE & R EF ALY, ERBERIERT FENBERCHH,

B A PR B Hete, LIk, BEFEBTAILREA S in, FEOKRT BRI A,

T B MATEAH LR FACT AR AR, BRRFEABEAREI LN

H“\

B A A R RN GAER, KILAE R A AL B PR AT 700 o A W BAR IR £ 4

EAAER P, 2022 %, Muksit FA (2022) BE TR E 20 B REAETHRGHE

FR% (mgr, 4ok, En. BE. B8, HERF) HeEB%,

1§ S B KAAE#IE % Deepfish (Saleh et al. 2020) #F= OzFish (Australian Institute of

10
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Marine Science, 2020), ##EH G F AN T EZERNRESLH L LR, 2FERE

2R IRAFEA B SHMHEEEA (Malde et al., 2020; Beyan and

Browman, 2020), iE4E4EF & ¥ A R H LA B B A 1 G A2 R 035 24

SV, AR EFRESIT AR ARGIIEE (Weinstein, 2018; Schneider et al.,

2019; Goodwin et al., 2022) ,

WARRTFEBEFENBRRE S, Aow IR ABT I A £ 5B

B AL A A%, WEELADARGEBREZEEHYT, REGHBELG SR

BT REAR, R TGS GBI A H RO BT RBA, RAFMG ALAPEH

AL E, ZAeIlaRd & & PFEAL ) 94T AR AL, B3R X3R F IR A 49 Al

AT DNFHIB T GBI A RB R,

IRT R E ARG HESEN, ATH ZZHHNAIGRMEARLE HHRIR

09 B R 9223 (Hsu et al, 2022), 1&& NRASE o A LA 238 % 440 4 4 & B )

ML TR, AmRLANFLET, ABFERALYEIHOWHA MG HZ

A RA%E (HD (Dellermann et al., 2021; Rafner et al., 2021), {5V % HA £4F

11
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e

MR ASE— T AR BB NRFE AT RRSRAE, RATEEREY
MR ARG L, DM N AR AR R L, RS SR E R K

#4728 (Lotfian et al., 2021), £ H, @& 698 5T L higid 4% 7 %6954

)

WA 2, BALW =T A BB A R B R F R F 09 878478 (McClure et al.,

2020),

12
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F2F AARGERBRKEIGBEBBR AIER Z 2RI %R

# e 345

2.1 A&

WBIELLE R A, DHRBRAEFRZTORY, LA, BFREXGOHEA M
(Chaloupka et al., 2008), A, KL RXERFTNEF L mEHE, RIELE
(Heppell et al., 2022) 34 8375 4 (Sposato etal., 2021 ) ¥H A EH &

HRRE, mERGEEALRNFRFLERT &RGRBEORY, A,

HEREE (MPA) A F B XNR TRAFREZRAHEL TEEBMA
B TFREERIK, ABERBEALR FRAPERNTAELN, Knitd g
RAEGYIERATA IR E T, BB RLELSOERET S (BAFAS
HYFEBERE 5 A%) (CITES) £4, HEATARBAKEG—KM, EAHTF
REBR T ZHE AN, FIEEwieHE Z R B KX A2E (Tortuguero National
Park) B REE NXEZHN S E, #leBFREX A RN Bl B, EH#4T 2

AARE] MECR, 2k E (Day, 2002), AFAFEHE, BEEHIAREHP

13
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MR RR, i 4@ 2R E AR R ER4E 5 B (Gutiérrez-Lince et al., 2021), Fl%, & & #,

(BrAgmik g k) B FILEMEEE, W, RERXXLHHFRALE R &,

AR Weaver #= Lawton (2007) #98F %, & Ré& ks 2 —48 KA B AR 695 %,

H A AR TAE Fo g W B BB G4, LA B B A SR A R F AR &

FIRH 69 —4F 7 ik, Pegasetal. (2013) ™I RR# R & AR E I EEF B, L4

TEHEE AR — R A SR T RN, SREANNG ST XIRT AZSGRE

REGANR 7T X, TR B RE RN, BB FIRF 69 3, BRARK

RIE ORI AEAR B R A BB RGEER, P aEREHF AR T EE (Tisdell

and Wilson, 2005; Lamb, 2019), #£%i%i# Instagram #» Facebook 4 ALBF4LAE

b FRIGERAEMIIE A AR & 428 T 9L E % ¥ (Laniakea Beach)

0y R R R, A, RREMEAITHERGE RGBT R, IR AR

wEIRTHE I,
& m B DA, SR ERIRBIRE G B, BN R KA RE A

3B, 355 WY ES AT e A R R S A B AR ] BBL T A B R LR Y S R K

14
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g B RH RS Covid-19 SR AF A 6931 B AT, AT E M RAF RS

KIG¥Eho, 1532019 A28 5 R4 Losks) 199 254 %5E, 5T 2021 5,

¥ 3| 805 & (OCA, 2021), f&&E4esk, MF 2022 % Covid-19 FR# 892, =

B 09sR U EBIE, WEAEIEGWT —15%, HERFEAM 173,307 A 3|

362,660 A (FRERMHAFNE, 2023), BEREBANTIERE L TEIMN, ©LIHET

HEF A B Y RARA M 69 24, ERAEFEBRVIERE (BRI RBFENER

L, 2002 F3A8BKE), ATHEEERMA, FTHAEREREHELT

QERTHE . ARREEMGRPEFEEIE, AL ILEEE T 2 EE.

BEFEHRARGPET, ALH BT DRI G 095k 3 £ Ao bl B R F R

s ? AR, BB AT AR A A A LA HIEE R A T B

H, KB FHEEGBETRRERSEMORT TH AR E REGIRE

AR KB AT BB, A B FERE T IRIRELA, AT 4R

FROG KGR E L,

15
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2.2 MAE T %

221 AZRGEIBLEHREE

SEEE G B RE B EAEFY 15 AL ENDRIK AT 6.2 T AT 6L

B K12 NZHEFE, IR, H8 kR 4 EREITER, RIEE

A RS, BEER GRS RRANRY, ATHAAERIR

FEARMERLE (). BT (F\h), Biaest (B FiEwnE () F4

BEk (FESF, 2019 (Fig. 1.

AR 2016 £ 2021 MM, ARG HERREELE SEBYT, 2HE

EiE 4 A BEEAT SN B B R A A, T AN &AR (Dji Mavic

Pro MIP). K TF484# (Olympus TG-3). F#F# %%k, ETFAGER AL

e AL, £ 2019 FUA, BHRARER IBRNLEHBEREIERG B A,

RAET L AT, FRHEOKT SR T PR 781 ik, LI, B XIRE

[ BT L | #sh T 681 TR BR,

16
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222 A1 R AV RIFR I &R 7 7 ik

Fukushima # 1980 2 if #4% 95369 B B W IR £ 8 I8 ik — A b i 48 3%

(CNN), Sbig F i@ F A ARG B — e B1R B A B %28 (R 2023).

Z A%, Girshick F A (2014) R=Th AR F 2 95 R B W4 6947 48 M R AE T

(R-CNN), ZHERE A A E 803 R X4 2,000 8 /BB, KREHRDEM

BB F ik, RSP HCARR N B P RICR R A AF A, A A R, R

(& 2 & —8% ] (You Only Look Once , YOLO) # A% %, ZAER A Adg

B3 0k 2 regER (Blde, 7x7 % %), YOLO i = H LR F 6% 4E

(Bounding Box) &4 ## %, MR 34 T L AEEMA (Redmon ¥

A, 2016), AEE F iR A FF YOLO #9069 A% B4 3 5 78 8] 1% R AE Ao 8 7] 4

O ORmEILELBIZ, F YOLO 3 % 3 A, YOLOV3 5IANT —#2 A

H BN KB FATIE LR, R BhAN R R B SE A SR KON B9 RS, SR ) AT

#R B A A B KA 694 %1% (Redmon and Farhadi, 2018; Guerrieri and Parla,

2021) (Fig.2), AT, #Hrbs YOLOV3 AR #E# #7459 YOLOVS HEA

17
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ZR, YOLOVS & K/ B A, vSs & FRBHRE & R, vl A%

BREH, 3AEEA RAAHBITELESR, YOLOV3, YOLOVSs #= YOLOVSI 49

2 X ABA T £ GitHub B IR, RAEH Linux 2 LA T, BHREF

RTX3090-24G GPU 244 @A 13 HH R, INRAERIFA 23 (hypermeters)

R TR E, IR E A 32, FR& K ) 800x800pixel. £ H# A (epoch)

% 200 B, JNERAT, PR HRARGGEHER, AL labellmg #2 X AT4%%E, KB

Han (o). EREE (x, y) Fakdh (RAEw, #Ey) (Fig2), @A

INRAHA I 22 AR E (80%) FlrEd 4% (20%) (Fig. 3).

2.2.3 Al B B 2 k34

Al PRB A6 R AR 1) RAHFBE T HRHZ—AGKE (TP);

2) MAHFZRIFEBERHFZ ALK (TN); 3) REHRTHRHZ AR ERAR

(FN); 4) A 3FF IR RS RA T IRH Z-BIFE SRR/ (FP). AR

A 6 45 48 . precision 2o A X, (1), 3HH B © % recall (2), 3+H Fl-score (#%2E

Fo B W 4G FHME) (3). loU A3t A FARIEIE Bp PR E I A4144E Bgt #9 @A

18
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TROGLEWG), A TAKXHF:

TP
TP+FP

precision =

(1)

TP
TP+FN

recall =

)

precisionXrecall

F1 — score = 2%

3)

prescision+recall

aera |Bp NBgt|

10U = (4)

aera |Bp UBgt|

AR mAP (5) ZRIE loU %4 EIRE B ML 50% A L8 BT A 1 JUA 2 B 69T
{8,

MAP, s = %Z?ﬂAPcategoryi when loU_threshold = 0.5 (5)

EIR LT 4% 2 B89 39 18

1
MAP) 5.0.05:0.95 = o Zie[0.5:0.05:0.95] AP; when [0Upresnoia = 0.5 to 0.95 (6)

224 A1 B A R T B

19
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BEFFRF, HEBRELRAGEIRALNALE ERAY, THRIFEIR

FHHE G K Fedl R, WefTHERE YOLO BB 69938 &R, QEU T 44

P

& B

OEIES sas a1

1R RE#Z 6 RMEEHE (E485 class) 918 YOLOv3., YOLOvSs #=

YOLOvSl #A, RERBHREE, B@FEF e Fl FoEATHE, F 1

1B EHE FEA I MICE S 781 BB ™5 2 1BEH & aiEa

&k E A b 681 MBZA S B A%, 4AFE 3] 1,462 BHIE,

(b) HAtEA 24 (class) F=E#) (instance) =% E TR

Z 8 M DR E AR R P 494 1 (object) S E 4 (instance) 4% = (annotate)

AE 1EER (class), ATRAA 2 BFTHBETHIN B ARG P E, K

BAL AR R 93 E T, #AR Rl 69 A AR F R ENART A 2B 3EEF,

AT fRAR T 09 B o S o AT % B A L mAPys 3F4E R R 3%

T T AR 045 B B, AR Z M EAT PR,

(c) &48 YOLO KA 49 542 PRk bk i 31 46 B B

A ERE B, HFeiRE YOLOV3. v5s #v v51 78 9% 38 438 5B n) X A 4

20
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W, BIAMHBETROKRAIEAE, S Fl WEEFZ DR GHF

F¥4E), BARAR A TFHAEEE (mAPys A2 mAP)s.005: 095) 0

225 WHRFREFALE BARYRBHBRY

HALE BEA IR T RE, 125 Python-flask 48 B A2 X Z 38 F £ 7T B

BRI AR b, B SR AT AR R S 38 48 ISR R SR R PRRRURES, R 7 R AR

#H AL R R E B,

21
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23 &%

231 REFHOETER

Witherington #» Witherington (2015) #& X 0 & Fo 2 5 51 4 & 3 58 2% BF 69 7 50

T, BRI EH T B CHLKBEFAFRMA, Y58 G-10 k) FERE

(10-30 &) BAELETE R LE2R B4 e84k (Fig. 4a), Mtk m e

(30 R L) Al 23 hde 248 E2ALYY KL B &% (Fig. 4b). FIHAE R RB

Bep, ADRHRABLLOGBET TR ETREINEHERIFOE R —EK

ARREFRIFECREY, BARCHE, HAMFEATERFSHY 30 3KR)

BR, HEFEAHKESE [GT/F &4 (Fig.4b). 7 —HH XL [HAIFLE

HATk 0942 &) (Fig. 5a), MAHHEA [redGT/FF4 . #£—F 8RR, X%

HAA L CHARB RO HWR AL, FATRERH, MRALLKLALH

Y HER (<BOR) A, RMAATHR, FEHFTFREERELIEMN. 1) &

P A BB AR, Eg B adE (Fig. 40), 2) & & LB, €N

Mgk @A~ (Fig4d), #3) FEERATHARLATTR, I

22
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RAHBH T REIFIETR (Fig. 4e). #2BEHEF, 953 1,2,3 2EA7

4 3 AR, AR ESRATA (Table 1.

232 AHEHKEZHRRAERD X

LR RFBNE — 2B ER P, 34 YOLOvV3, YOLOvVSs #2= YOLOVSI

ZAEAER B PEE LA, 12 A 781 BB B EHE A 1,462 BB AR KA H

& WA SRR E R A, AFEE BEEf Fl HFRIGAZ R 2 R

R, AEAEDERNENERLT, YOLOV3 238 & A A48 42 LA 1E#

HEeREA, YOLOvVSs A5 R EF Fl 7 mER AR EIERGE R, my A&

FAHE L8R, YOLOVS! £ PR =B85 A2 48 B & LA (Table 2).

233 GHERZTHF XEREAER HE

WEBRAME—FHENHEL 1 3] 3 BB RFELR AL, EESILR

—HRRRF, BB ENHE, AR TORER T HE R R AR

23
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Y9 R A ). 45 RBET, {2 YOLOVS] 89 E#) (instance) = 3§ An ¥ L-F

¥ B E mAP)s XM RS R A EAA R M, wmAE L R AR v3 92 VSs Bl R

R — BN B 99 84, ¥ 48 51 “GreenTurtle 1749 5 1) 308 ¢ 685 183 hn 3] 1287

1BF ], $2“MarbleGT/elder 2”678 #l I =4 212 1B3E 2] 609 1B F 4], 2 4&

FA 5] 69 F3) mAPys FF A YOLOSI A2 A R B b 23 — B M3 e, K, £ 218

Fo 3B P, wIEEH F M AEEE YOLOV3 #2 YOLOVS #9-F 39 &5k

mAP, s Z £ A AR 497 &, B4 £ redGT/young 2”. “redGT/young 3”5

“marbleGT/elder 3”3 #&#2%] (Table 3).

2.3.4 YOLO #22 PE 48 47 A tb s o 47

EEBERSM P, 3 @R F1(Fig. 5 mAPys(Fig. 5¢c) # mAP 5.0.05:0.95

(Fig. 5d) 3 BB A A 154%, AR LEEHHZT ZHEMM, =M@Y

F1, YOLOV3 #= YOLOV5 £ 1) 685 IR FH T o9 LB, 41BN 1287 8% F

= (Fig. 5a), 12&/ R F it K4 4£ £ YOLOVSI £ (Fig. 5b). BAEMA

BT, YOLOv3 # YOLOvVSs 49 F1 33 &7 YOLOvSl, Z£b# mAPgs B, 3 18

24
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¥) Wi YOLOVS] 124 b d2 YOLOV3 #= YOLOVSs Bl & % #) B8 £ 47 (Fig. 5d),

T AR R T PTA A4 R, A6 MA (Boxplot) T, YOLOvSs & &%

FAE A (Fig.6).

2.3.5 3 EE A

B TRAREE [ RAREE] BB RFEGIERNITH, T RE KR

RREA T, AR AL S3B R AR RF, 28 L3R EA 1,462 kB K.

2 BB B BIRE IR A YOLOVSs, ABERRELLE/4)F KBS E/ RT3 R

MR, &R G AA A AMAF LTI A B 6 Al B R G| d &5 2de, $5]F

B ARAE G WL R B RAR P, FRAFFRLOGER HAHEHTRITY

KAk, TEBAFRRFGMERE (UD (Fig 7a), A& AR EGR/BA

B3 MR 35 AT A (Fig. 7b)e A% 69 5635 B B AR T LU 4 B 2 ¥ & AK (UAV)

AL, BEA R R IEBET KR BAR, RABFK R RFH A BB 5HF KR

& A ERHER AK T AR, RN A ESRLEAE (Fig. 70).

25
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2.4 IT#H

241 V{EHER T HALENHE

YOLO 2 —HEELFWELE, EHBARRE R T QEKEHERGE,

HEIREFEGNG, RITH L A EEE D PR AL AR, B EANE

BARGBGE, BV FEIINREHET RS0 YE (Salman et al., 2020; Zhao et

al., 2021; Muksit et al., 2022), £ AFF XA I s sr 3 AL B, IR E

BB IE I K S AT AR TR, B LB IR BAR B E A S AT, 88

ZFERIRKAAL, HFEIEET 781 RTRES Al ISR B R, ZR, #ALEH

BWa-r& CGRERRL) e 682 RER, ¥ TE47%EHR, Kfmiz LH3g

A A% YOLOVS B 69 =Bt 3542 (WA, B E M Fl 9#) ARHAT

%1%, 772483 YOLOvVSs 898 B R, KRwm¥ghwE Z#7 YOLOvV3 B 32 Mk

B R T (Table 1), AR THAZE - GIZT, 8 700 &4

B 1%, BP 7T 3% YOLOV3 #= YOLOVSs #5945 % Fo 3 B £ 1 3] 97% A LG4 A4 &

R, MAIEEE AR, AMEREBR AL 93, 129 Badawy and Direkoglu

26
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(2020) %, HeAr4E 4836 EHH R B 4 500 7k 4 58 78 H A 91 4k Faster R-CNN B2,

T3] 95.7%M A B, 12 XF b ARG BARE R R A Ik LA,

S RS LA A ) PR AT AR MY Salman 4 A(2020) #] B T L X 49 OzFish
% # % (Australian Institute of Marine Science, 2020), &4 1,800 7k B 4% F= 43k 1@
EHl, BIFT 72%4 F1 £ ¥, &4 YOLOv3 & Fl #AHA & 249 DeepFish A #
(24 4,505 kB4R A 1Sk BEH), £ Fl o8& T 94%, ARZIT, &K
P69 BT RALIR T €8 1,462 5k B 1§ A= 1,608 18 K4 69444, YOLOV3 #ki% 5
97.19%%) F1 3% (Table 1), Bp4L/ 4 781 7k B %A= 856 18 & 4] 69 8 A #

£ RMEFEIFT 97.96%% Fl 2%, 24 RE 7, BB EABRETELS

FHBENHE, CTRIIANEHEIRNBERNEHE,
AR EREEP R ETOHE, KMEIT RN AR T R, L3
T, FEBERNOKRRFEE (A mAPys A7) BEEHR ST ZEMAM, LEH

A YOLOvVSI AR, R\ B —H M EMM, AR, HEKEER v3 H# vSs

BPARBLER B AR S, £ 3AEBANKZ P, GreenTurtle 3 849 mAPys Y18 57>

27
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Eibmm, BREZBANTPIER 22118 (Table 3), B4 £ R 7T ARAZET

MY RAELETFRE MR, KR (Bl B L5 ERE) 20

B (Bl AMMB{GZ PR A) (Fig.de,d,e). BRTHRE, THRAAHK

— R E A R A RAR I, B SR m A K AR, T B

Ik

BB REE mAPys. BA LT VA YOLOV3 A7 B H 14 4 8 g2 093k 31 32

A B 23 2300 2D F @ B % 49 R-CNN (Girshick, 2015) &~ Fl, B YOLOV3

B AR R ERTIRA, ANTE LB W AE, b, &£ 3D ZRSERM, AT

EAM@ERNFF (Fig.2) (Redmon and Farhadi, 2018).

242 X Fl YOLO M A e 68 rh 3

YOLO i ik VABh A& 35 J& 69 B AL 284, BOATAT AMS P24, A48

Meft, A MS COCO ##4%& (Lin, 2014) IN4:m X ki YOLO & 1B A

01 %, ek, BB R VIR, fik A BT & BRI AR AT

% (Jiang et al., 2022; Wang et al., 2022), B 3t, YOLOV5] #= YOLOvSs £ 4% 4=

JE b2 EAR AL 69 YOLOvV3. % YOLOVSs & YOLOvS #2269 i 1L iR A&, vA4&4d

28
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— T A RAR RARAC R, 5N A2 @ AR F A ) A TR 6938 8 (edge

computing) XA EE R Z R RFER, MH M S, YOLOVSI %A YOLOVS &R

RABA, BALSHMEERLT RELE SMELTR, RIARAREE

PRGHRE, R, ARERERZEAZTHET, YOLOV3 AEHELF @

EWEREMT YOLOVSL, 1EFEZEM2, &% YOLOVSs ¥R A4 M, L

PN FAE ISR A AR, #YOLOVSI 83 % BE L2kt mit, Rm&R

b F A ERE, AEE A MS COCO 34k & L 694km AL HES & YOLOVS1 >

YOLOvVSs > YOLOvV3, AAFRAFE 69HEL 47 2 YOLOvVSs > YOLOvV3 > YOLOvSI

(Fig. 6), A MAEAY £ B AT REBAIREHEN M £ E, MS COCO F 4+

ERG—MB/BFLEETHS, L—EEZHFTUWEHEGES, EF a4 330,000

HAE A= 1,500,000 BEH E X EHT, MBI T, AFFROIREHEINL

PR G DFEE B AR R B EBE, Mahmood A (2020) AF R IE HkE

BFEIB AL, ERXA YOLOV3 B4 il & 69 & mH % (B4 100, 250 2 500

REAR), FEE TS mAPys1E, 128 % 694 R H1E (4w 500 18) BT AL

B mAPs 1L MK, SLAT U ARAT TR ME h FIAR 93, BT AR | E WA A

E )%, YOLOV3 #= YOLOVS %8 & A48 24 F1 5% (Table 1) #= mAPys 2%
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#& (Table 3),

5 9k, AAEA 8 MR DRA A R ATINRAGAER, IRBIEAFIHEZ 25 A

YOLOvSs: 14.8 MB. YOLOVSI: 93.6 MB #= YOLOvV3: 246.3 MB., & /&t &

BARERVWET S8 AELBRFREARRERLE ), A5 E-FHMRAE

ARl AR, AT RURFE YOLOVSs 3 & /2 4 _EIRF%

2.43 Al JR % $24% A & B &y

AL AR 27O B BE AR B R0 B B A AR, SIS A AR A A R AT BN A A 1)

HEmE, WEREZAE, MEAALRE LR, THpEERFLERE

[

B, RS AT AR BT AR MY R, LR,

4238 OLOvSs B, $EEAEE 5 A 96.2%F2 93.1%F 39 #5 £ mAPys, 2 9%

AT BRI TR R GRSk B R I A T Ak HE 5B, 45 ORI Rp =% 4548 )

% (Fig. 7). SAERPEF 9IS M, TMEY S A HE o RALAH 985, 1243

FARR TN BERBEREF I I, RBIEEH T THNEE Al R
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BLHH AR EATAE, BUBBEB S BN R L, BEBMETFL A

WX HIERE, CBATIFERRBFN R NGEER N, TEBALRZ

WR-FE EoF, EFOMBRIEY FRITOMN LT HIEE 2R RENIE

Cm&*

B (Lamb, 2019), A& —#HEBIEEF, BENITEH ORI Y, 8B LEEZX

THE SR, MATEBLRTKF N AR, FIRFREIF AR KR

7o

244 R E R AI LS

BERAABFRLFERAEE, REZEEN AL RPN AL, 44

AE Y BBIRHYAR, AR THRYERAATIRT, MM TRE LMK

AL BB AR B ZTRE REATIE, RAEHALREMEALE LA

3% L 495k % (van Helmond et al., 2017; Alvarez-Ellacuria et al., 2020; van Essen et

al., 2021), A, KB Al RFB3 ROA AR, 128488 R 69 H3g e &

FRETERT, RN AL 695 AR S REEAT LI, REmsk, RNk

EIRBNVE R E KA A M AN Z R, AT RGA R A A RN F
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B Fo B F VR A A AR (Fig. 7d), SEMSZMEHMAEA [ATHE

%75 | (Hallucination), PP &t £ 69 A F 12 R IE#E SR H 69 45 % (Goodfellow et

al., 2015), sbsb, Eekid BB E L123E A KRB, FHRUBBA L Z 037 4

71, LR BT AT BB ) 0 AR, SRR A R A R A, S

PRAH B ER A TR, PP RMRY, LLEERN AR AT, T,

I PR BA LT BAR, RREBIZTHR, Wb AL BRI RAHh 2
B E A E AR sk, R BRNE T MREE—F T RARLER

AHNEHA R, QIEHBAKRF GPS B2FHmE 8, BREHALAEES%

SRR L XS, AR — TR AR,

A5 Al HEBHEGHEERFTOVE

e A NTA BIR S H YR IEER YOLOVSs BEA, & L Re 3tk

AIMEAR T ROV E, BBAAEABAN, BB RAEEAASHBRH

R AR T 81, HRFHY T =F4y:

(1) HEHE: AIFERBFEAFRBIN T AGERELE I R ELIE

32

d0i:10.6342/NTU202401236



BHX, BRLHMBRTETNEFRELE, ETRHAMOKRE
B, Wi RHBFEEMGEE, FRSEE LA TR LT EHAE
R E A 'R

(2) ATAKE: AFRRBAFBAMRG T XBGFEEN LS, HEBIER
AT A, Pl MRRE RGBT A, IRREBARARGEE, L
ERBEERTHE AL A TN ERREFTA, RO FHEFTLS
CUESE-RiaE T

Q) FAMEEIE: BERBOBAALED N HBEENRIL LG
AT EAA R SE TR SRR ESH * (outsourcing) A Bh7A
BRERAB RS, HARERFAEL I AABRBE TR
ERE: 38

Mz, NitEh XA AAERM A EY THEEOMER, LEALRZL, BZ

0 F AR R E R P LA R E A
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£3% MAARGRAEEREESR

31 A&

TS IR ERLY S50 NEW=ZRA, ILREGEE R R L HMHELTE

RO TR, 400 FAlH BT KR4 L, L 486 N~EWEFHAELETE

T B iR E L BREBABRBRAA — DAL AR, MEEELTRIGK

VO ERASIEANIRT, BUTA TIRMEREE, 2011 F5ET—HKRLEE

B8 BAT R, RANBF X FTHEED, B ETERERFTLER LR

WIER, FHAHTHRERMN I BER LR RZG, R [FLT =084 ER

¥ | (SDCDA)., AR AsAfLxEgE L, RAKRE (Frhwhditd

k) ety NEFEREHE | GEEKE, 2019), 3 TTRH 3R E BN 6 E R

e, 12 BHELELREANAEERERBEROREIT A,

ZRABERTE EAKRUWI (pits). WAE (grooves), H#&E (crevices). B

(rocks) F&FEHE AL, K &9HEAT & FEEW R E & (rock pool) i
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(intertidal pool), & /& & MILH SR 98N, PRI GHEFNEN S

B (R, 2011), FILENET SRR RO S R4 H LR

BRI MR M, AL AW S B EIK (Loke and Todd, 2016), &7 &

W LB EEaAE (sessiletaxa) HFEE Mok da, B, B, e, 4BF,

BB (mobile taxa) #9EF LAY TR B EZ W EY AR ARR,

Davidson et al. (2014) #ZE & F A S 3L, FH#iL, KAl B =R, £49

M 2 (richness) #1884 % & (abundance), HHALAKEEZ LW E,

BYHHEAF IR T RGAEAFZRBAHG24E, 2AAART AL BFNEHR

AEREE XGRS LIAFN 1245, TATARNR, ZBAAEGERFE

Wy A AR, ERBUEEEARF A ZH (spatia) 2%, BGESE

B, #A. KR, BRFREAEVE, LAMSZHELEEERMH (temporal)

AFFFAE R Al PRl F A BT, WHRE AR NRAEAE RHF

Bh, HAERARHEARABREZLIEFAIRKER, TALEH THEEAR
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). A=RAERARAGE L —ERFHEZM O LY S HREETHE,

2). AL ERMG KRR, NRAS GBI T RRATA W51 R 6% E

3). RFALEESARAZFALY B 69RA% Z (Hybrid Intelligence, HI) 1E %2,

AFFFET AR BRAFIREHKT, MAERRBRX L HEFREEME

o
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3.2 MA s T %

321 MREBENRAA L AL E

R E AT 298 SR S T A, AR BB, LT

(Wave Cut Bench, WCB) X /"% % 160m k52 70 m & (Fig. 8), ~KitZ a4

BEH DA IMEREBERE, B2 16 NN EERFIHIRE, WAAHR

HERFAFRATHRI, NEREBALER DRI, ATFEREX ALH

M7 FARRB A FEM, AT BB EFENNENT S, RETANARE

BAL LR GIE 1318588 234 85 FWiE 25048 (Tabled), L+ &

FE—AEH OB FEREME Jieetal,2016), FFEMiE LA B1%09324k (Chen,

2011), ANRAHE S ZIANKAPAT REALT . RRADKKEFLDEH K

WAT AR BRI A M. AL, RBEFRAZOTAREAE T &, F 2K

W89 E W3k (survey protocol) %4k, AEMAREAL ARME, EHsE

F BRI D ARPATATAITE, AEEAT B, SHERE G FHALH
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R0 A TA TIEAEAT, A RGIWATH BAR YR, B EBENMRARS KL,

TR, RO HIR 052 9 BIREE, AR OATRE LR,

3.2.2 sk Al R fo AL 4

BAFAY LE MR (CNN)IE F i3 2 7 B AR A A= 3800) 09 258 (Fukushima,

1980), R-CNN #= YOLO #k#& /2 CNN #ER X b, EA#E B HR Py &E

Wke94k 57 (Redmon et al., 2016; Renetal, 2016)., i#4% YOLOvSs A7 B X3t

Fig b, HAEARBRILPARBEFEYIFAERE S, YOLOVSs R4 R E £

HOBMERT, F2AHXEJHRAHEEATIRT RILAT IR, REALY

AL FIRAGESR, ERRERERPLBIZBERGLE R fohiE

Ak, RIZMIE AR R BRI R YOLOVSs B4R EH &, TR EFHEIE

M R 80% A A INER, 20% A A BrsE, 72 BLf RTX3090-24G GPU #9 Linux %

LA RE EEAT SRR, 1A 898 23 (hypermeters) EIEFAINREE, I

BRBLIR KN A 32, HARMATE A 800x800 VAR £ H W&k £ 4 200 &,
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BB IR AT B T ZIAT 2 AT, B AKBE TR ANIERGEH

(instance) #9:%4E (bounding box) 1= &, # L mAtbMptkE 5K, LK FR

RHEFARAE R B G A, AT BT BARAE RO FAR T 2 A AT 4

&R

1. EFEHE B EME—ALE (TP),

2. BREMPFER BRI —AEHE (TN),

3. AA EAEHZSE AEZHE—BIEE (FN),

SRS R ) AR P A B AR AR — B (FP).

KBS Al B H R RIWRE R AT ERRA TR, THEERME,

BEAEZ A RFE 4R (Confusion Matrix) » ZMfER P FHRMELE x WLk

=, mERMEL y AT (Fig.9) . AehA M mmeEE, 3@l

mAP 2 XFE AR KR, F@RAFSLR 223 FiH, LEFRBTHEK

323 REAERAINREATEHRARER
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AR RAE A Dellermann 5 A (2019) #8697 E = ARAEALH, UAFE

NRAZEATRE AL #RAE%E (Hybrid Intelligence, HD A 42 &

1) &8 (Collectiveness): & ARALHEALE E Al 9 5 SATH 49 B 42

B RGN AAELRR, WA MR AL RMAME, AFREL

a5 B AR,

2) &AM (Solution superiority) : W/~ KR A2 Fo AT 4% 89 [ ALZE AT RA

%% (Socio-technical system) Frif M 694E R, EAIEAEH (EH AN

RAZFEAATLE) AraiE s 6 iR,

3) M E %Y (Mutual learning) : &I M R 5 H 081 ) R s KA o

Al ¥, BATEIRFEELERERF,
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33 &%

3.3.1 :AZ W& (Survey Protocol) N A& H I &

Ak S B\ AHEAE 6 B 6, XHEE I (Survey Protocol) VAHER
AL e E o RAE LR AR T RTTI 3ATE, Aiphih
H AT T AT 1. F5 AL HERTFE LA SHRMFHREMH S
1 2.8 51 R B FEMAE Y H R A ALINSRAE A 3 AER BRI T 93642,
RIERAA R A THRAT LR, AIZRAEWR (PSP), EHmkSEy
BIAE RN R AL 6 TAE Y, BRT 54 S S0 Rk b A 694 7
SR RS S SR P B A e AT BB de bk, R IAARIR PSP
BATE WA AT L sk, AR E AR, LA EERAHABRNLHKY
BRARBERBAGTER, MATIRAIFZRENR L, BRIEH 2 FTEHE
ROFRLIEER, F—AEEFENREEZREE ) 200 RALGER, HIZERE
BAEMBE ST AR A IE 0 AT IR 2] B F AN YR, AT, RSN

% ) 3L PSP FTHLE| 6935 40 S A R AT I F IR E . A IR IR F 9 Btk
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mARR, AT — KB ABEEANUREENBT, mAaF LR BT HEEER

Wi AE, MEHE SR RFEST, AmAZHRA TR A, mEL

o E Y

WA R ZE (2021) W BREARAD H X, ALUFHL (transect line).

REAAZ M EZH MR RAE R BRAHIZZRAMAZ, 24

A B AL Fp, WARERRAKNFZ], Hih-F 6 E B CSP 7 AtiEAT

= EA 2 ARG KAZ A (Tide level) %#14 % # (High Tide Level, HTL)

$4%# (Low Tide Level, LTL) #9E 4, & RMAFE R ST E, MW BALEMK

FAEMAKRAZER A LTL, MR AKGZ L6912 4 HWL (Table 5),

AR, AT HAKRSH B HRE (2021) HEEERTREARATH X, AHETH

BEFE N HERTZ2RE 10 Mg, FEAS DAY RHLRE AR, LHEKLE

BET RA AL IR HAR BB F AN BRRAYGFRM T AREH K,

ARRALBREEARE, RWERASTHHR (PSP) (Fig. 10a) 4 — i

A, Pl AR FAENME, HEFEADBENYGMAAT, ¥BLTRE PSP
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B EIREBLERRE RS AR, B XH)E 3| PSP 49 10 14343 1R 3EAE & 53R

PR AL, FRIEE, BHREGM-FILG MR £, WELTHNAEA

E ik (ASP) 9923t (Fig. 10b), FEAZMANS R LB ARG RE,

FALBMER TS X, W)ERSEREARTTHUE (GRV) T (Fig.

10b), TR TELB/LWERYE (TP) Fw{EwWiE (GRV) #HRLE,

BT R AR T DA E BN, AEE THRRBRIFR T RATAZ AR

BED,

332 2F#AZWHH (PSP) A= Al B A I skss R

REZATWRT AL FE, KELEE OB RRAMIE 1,301 RBEGEL

% [ A B W R AR, SaBAZERAA R 2,643 B F ¥ (Fig. 11a) #9918 &4,

I R AR FEE AR AF R 0.96175. B = £ (0.93533 F2 mAP,50.95485 #9

PSP-YOLOvSs AP &EAE AL, LR FELER AR E, BT K5 BMEE A (TP)

{AARAR S, PR EAdhiEey TP (G388 0.97, HBEF4EN TPARK, 2

W% 083 = 0.87 (Fig.11b),
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3.3.3 @ AL W (ASP) Ao Al BRI 44 £

# &7 ASP $2 PSP mAE AL W3R T TR 8L, BT 27T REFEY

ey A, 5461 B, 7,729 B EH 994k E (Fig. 12b). 4R B P2k 2 Ak 45 42

Bk 0.87412, B FE A 0.85843, F3 454 mAP_ 0.5 0.8707 49 ASP-YOLOVS5s

WA, ERAERSIF LM E (Corallina sp.) F2i#3%5 (Tunicates) #9EA %

M (TP) 1A&AK, RA 0.56 #= 0.57, 1EFEZZ, PSP P4 K % #MmiE TP

{APRH T, 72 PSP-YOLOVSs #2553 ik &2 fo 4t 38 TP 1ARA B &, £ 774 0.83

Est3] 0.84 #2 0.87 EF 5] 0.90 (Fig. 12b).

334 FREFALEFERBEHFEBRS

AL AL 3R F A7 R B 454, 3£ Python-flask #2 X35 5 B 45 /& F) A2 XA

(APD), F#% Al A g2tk A 6@ A8 (Fig 13). SR A £ A R &g

B EFANEE, BRETUEATH R BBB A 58 AP B4, R AT
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P, MRS RS AL (Fig 14), WML AERSHZ AL

A EE O B R A

34 3@

3A1 R EHHEEMEBRLALT F &

HYPATHFRF B PR LBEFRAR M, BREEATE RS 4 1,600

NERFERR, BRAMBERAZED SHERARTAZNE (BRE,

2021), 44 67 1ARAL T, BATIHE T HEAREREN SZHROTFHERAL,

77 ik AR B AL B AL 49 60m L F AR, B2 HEAB LAY 60 24N,

BEGUHBE, RARERYBEREEFNE, LSRR ER LT,

PR, PRIEN IR TR LA R, ERREG T %I KAL)

MaghAE (mobile), HHIEEFAY (non-sessile species) #9TEL R L, b7k

LFARRED G T HHEBREN, e =084 7 AMEBATORELEN T, |
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ARE B, FHGEEMG R, FERLRATHAHR, ERTRERAS

Tr#t 2 AR AR 3, R M AL B 9 IR B 1L,

ZRAHMEEGHETEIENE, BEAIR, FE s o KEERERE

&b, BERBBYEEF AN SN, BRBEHBENERRET RS MRS

W, ZEHLEHOAEMSHME (Lokeetal,2016), Davidson 5 A (2004) ##.,

HE B EFAMEARER RGBT E, RASGRANEREG SHREAZEF A

Wey WA, B FR, B, KERABRENZE, ZRBANED ZHRETR

& B, b A48 E A2 69 2 Rl A=RF ] (Spatio-temporal) #46, @BIFFE—RFH N, E—

Tk F AR A & BT Ak ROIE AR

ABEFAE i F A M E M A o 6, SR NRAE S EE AR

=8, AEHAEMEEZ AT WHHR (PSP) SR ABEATHH (ASP) (Fig. 10).

NRA G AT EEEFEIEAR, T RERE T AR T ENFH, ZHEAEA

A EH R o [, MEZE S RIEM R AL R, B SE T 6 R ERNLE —

BiZ, RRAETHRMAESHBEEN SRR, B0, LAFSREELT

46

d0i:10.6342/NTU202401236



RRFR, EATARRMOAL, EF6 7 HRE LD SR E M-I H 8 & Bf

MAENE FHENBREAEFRFAEAMELRRHEE, EBHARR

AW SRR AR A RIAH R A BRI Tk,

342 DERAEHAI BN ZE 2%

TR, By —BEESNARAAE (CS) FAIFE (AD #iHiES

HAK, WRKRRART —EXLZFNMHAZ, L+ AIRABEAEZ I OFEINR

FH s, mABRES Al 092 RN RAZITREAHOE, HAEH

R—AEH A LR E ERA RS (Fig 15), ARAZLEE L EBFAYH

A AL INSRE T Yy, FEHATEBIHA OHR, MEAETAE, XRKE

TREWALBISRE @itd PSP 49 1,301 kB R A4 A ASP 9 5,461 7k B1%,

JA L EAE S D PSP-YOLOvV5s #2 ASP-YOLOvVSs mABAE A, &k 4E & PSP 49

AR A 0.96175, ASP 8945 A4 0.87412, 3 R WL RE AL Wk &5

F TR R B IR % E (Fig. 11 and 12),
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PNRAZAZ T IR ) 095 F AN HRBIR, IR ARG EFED

FEPEERAL A, BRI A YOLOVSs B2 (Fig. 15¢), N&R4E BT R & A A

BB H, MRNRAFEHRIERSZEATHOSE (Fig. 15d), E—REW@E

FRE BRI £ iE A% (offline solution alagorithm), 2~ R4 51k £ 30

EREF BT, BT ARSERINGEELY, LAY REAHRASREZLE

I AL EAE R (online solution algorithm) i 47 #%3 (Fig. 15a,b), #zkE %

TREE R R T —F 3878 AL 69983k 7 49914k (Fig. 15¢, ).

BHNRAFN TN EZMHE, AW MEFEEIROSE, ARTHET

Bl 44 098 By KT £ R % 13 £ A4 4 (Kosmala et al., 2016; Rosenthal et al.,

2018; van der Velde et al., 2017), AAF50AL R AL B A PR REAE 4 SR S0 B 4542, A2

KA B m it 1 H B 093046, S92 PSP 89 2 825 T 4 €8 221647149 1,301

TR B AR Ae 2,643 1B F B K HE, R EA ZHAGFIEE I PSP-YOLOVSs A ?

w13 B 0.96175 45 . 0.93533 B & 2 VAR 345 % B mAPy s 0.95485 #9

PEHMRE, ATREBGEIRGSE T4, RAN, ¥ 28 ASP 2 4 5461
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TR B A% A 7,729 18K B, FEAF ASP AR 0.87412 45 %2 /. 0.85843 B ™ VAR 0.8707

8 mAPs, 1EBIESBH SR, AR FERG?

WA IR AT R R AR S, WA RARERNER, F

7 &5 6B ) B 69 Ak (TP) #4044 (Table 5), & & 433 3% (Corallina

sp.) A=i#E#48 (Tunicates) #9INRBIARE T 45 HA 301 #= SI2 B EH, TPAL

DA 2 0.56 2 057, ZTHRER 112 BEHGLERER, £ ASPERETEFT

0.98 49 TP AW s SF B Sk, B 2 REAT I Al A AR L LB F AN R

R, BBRBEAFEE BHBANRAELRETEEBGE X LRI RE,

RIAZ SN RAH TR, T EEELEDNE S o

343 BERAFENBAE

Dellermann A (2021) REZBMREFERGRERELZLE, §—AEZRRE

ERAFE (HD 97T 4 [£880H ] (Collectiveness), 5 #9-2 K A% (CS)

FALEE (AD AR HETRAELSZGR @Y BAE, EAFRTP, YOLO #18E
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AR ERRERAFROIEARARBR, CEEATH R IR, SLBAZT &

18 CS 288k & % kAE TR Y ZAGIIILE, BRABAZRERRE, MmE

A FATE R 6 B B R i RAE A R A, AL BER R A —FE R A,

BT R LR B 6 A 5 AL, R, A 0B A A A5

R BRLE — ABRELEENMBERRLGEN S RH,

FRRAT ENIZE A R WE N ER CS R AL £ 1&E4 &3 | (Solution

superiority), HAMAAME, THENAEFHRIIKFTEHEETE T, Lk

RAREFS A B BIE G Bk, AT AR I, RV L E MG, Rm, Sik

BHOAESS, AUAEES ST Al DRE, B AR Al 9 %F%E

[ ST HE A7 09 BAR R LR ARG @B, T ST BB BGE, RS RE RS

B ) BAERIFE A S5, R A A BB B T 09184

KRGS AR5 [H%%2E ] (Mutual learning) % REAF 2, Al

B IR SR 4 ROTAE AR TR BR ST M TE, MESR SRS M ATE

ZRBEGKH N REBIR. FEOAELBRFEAEXAT M LT, mELRR
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BB AEFINHA FEHF, FEAEA AL BT LS XN EF LD HE AR ELH (Fig.

15), TTHAMEE, MEBROHER, WEHZEIRBIEE, ARARS Al

HEE AN IR A, I, Al A T2 RE QKN B, 1A hEEF

WA PRk, TR AR N RAHE AR HE B

344 A EEHF GBS

AF R AR B R AT, FEE AL HE CS M 692G Hr

(socio-technology) # & 2| McClure ¥ A (2020) #) 3, #3123 8 M4

Bk, DAEAHREHFELEFGFRBRMEHGERNE, ATHRAEC LB KRR

Al A= CS 8948 Z M f%, LA E FEEMAE (Fig 16):

1. ZA%T)

UE A BRI R A SRR R EA, AT ERER L — A A

AAEFEF, BRGEFEANT AR EHENGINRETT), HIABRBRSL

— 8 5 AR, AVAL IR A SRR IR, RIAMRE T REER,
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Bl R385 % (Aplysia oculifera) E4& B4 /) 69 nte, HIMBR AT F

BAERTEBAM, HRFG B e b s R IE M SRR, B

FIAG A, e Al TR ER T, —FRAMEFEIMER, Wk

EREFENSHUREN LGB KT N, AFRIGFRARR LN

uiﬁuﬁ/“p\ ﬁ &Dﬁ?‘o

2. EREEA

Hah — R F A Y S BRI BE B AR, ARIFER R 09 i A M R~ B R B

AFRRIFEAAN AL, RE—ABFHELATIRBRG B REDERE K,

BT LRSI P, RBEAETHHE, AR G ATE R0 &

FAEMY, BERMBEF LY SR GIE, 4 PFRB I G

95 H R,

FINRAH BERE 094 £ AL 9F38RF, A8 8E Al Z 8)i8 42 12 4 ]

WP A, TERBHTNE, LAHTRE RO EF LY, JBE
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PRMBHEFENFRET A, L TRINLS KRS EEILERGTH, MR

P YEAT RO XA H 69 W 4L,

EREA 0 R BR SN RAE R G0 B . AR T A B AR & 2,

B LA PE, (2SR EFAEN SR B GSREE, FR BB S

BTN, M Al BAELSERAST T, FHMAFRLN RO DER, Tt

LMY, LSRG BEARFG SR TR,

5. 22N

AHRRHFO2EEZTEAMAN Y, et ddEod TR

o EANERGINITHGAZ WA, FHNREGEFEYIIERE K,

P B NEAE O A  S AR, AR S 1A AR AR A S AR AL 38 953K

AT MBI E, LR ZHTHTm R RAERAN, TRREEE

ARk S P8 LA M
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6. FEHMI:

BBFAD G L RIAEFEFTNLE, Slh & E B2 R,

BrReFELHEE AL, 25T EBIRBRGZRTE, £FH

o fTIN8R AL AR REBIR, AL AL IRITE &S H 198K,

VA B PR AE ) L hg AL AR AL,

7. BARARENM

ok R R AL B R 69 BAREAT SRR 2, AP 69 38 & i SR AR AR AL )

#Fn B AT 89 A E A BARBIR AR E A, (EAANER AIER, SHEN

A M AR A U A AR FHIR

8. M#HH)E

MHAMERE TATERZAMNN AL T, RBEBE TH AR, &

HERAFE, FROHHERT AR, AFTRLEAEH A A Al REREE

M A%, AFRMARAMEAXRERARNGEEFERN, Am, ATREINFH
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FERBHBAFRA DA, FREEF HI HEEE EFAISHEALARK

FEFETOUHER, RALZGRERKT AZOH SR E,

BB WA R BT BB, TR ERMT ALCS EHEM AT R, RRM

H X HI AL AT R B R AR 4946 H AT (Socio-technological)

F R

345 RABEARILIBAERBETHHENA L

Rz EREE (MPA) FFR—AHBMES, EOAREILFILLAT LS

FRIRERZREHEXEFT RN I, RBRELBEBEZEFRARFORL, K

Z MPA EHEAH AN TR FREHZEREY 10 F920EERAE (X

RBEFRXAEER), Rk TER TR OAN TR, HEEEATAHRR

B E M S AR RS RIALUE 0 T, MR ERZGRE T m T, LR EE

AN AT G B, FHeR SRA S B RAFEE, AT RMEE S B

AW SRR M AEER (GBIRE, 2021),
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2 HIDAEBIEA I AL IR E, ANRALLAME T BB NEAT
AR AE, LiEiE AN RAREE RN AE T & TREBFEL
RAGYFMAZM S HRMF IR, ABFARNSHEEX, RETEY

R A

BeFE (HD AXRFAZRALIEENGHAER, AR—EAHFFRENR

M, RAETRAEFED S HBRETE, THBRASREHNOFETAE, ETF

BF R o dr B R IR 0938 A2, TRAGE R AR E MPA &, mAERTEEERK

HA ARG EY 5 REBIR 0 S H B X,

LRIRT ARG ML ERER, FINOBNZE XSS ERGEIE LR
A, BATARRZOAGRARSEERENRE, RT ARARFTOFEN, BFE
WG EERMPEHEEARCRTHNOHE, ARG ED ZHORER, XL
HLHRTERBLT Tk 0 ROERE, &M RIRGRT £S5 o) B

71 (Lefosseetal., 2023), AARXRBERAEFRRANSEINRSFERFTR
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3, BT RAE ARG E R LY (biophilic) TH, =4 5] 38T 49 F & MR

A
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A#Et4 (Anthropocene Epoch) T 897 A A& REEHE, FF@HF KX

BRf R HE ARG R AR A I, AT EAR R RE

AR Rk, R, AR SFHLRERANE, 12 £ 3

HRERAE R ERL A LR E A 0A R, Rt ME A ATE BHH

HRERRA TR i RE ZE MR, AEEF 8 REROKEEEE AR,

B, ATRARE—ERABESTH R, ARESGATE EMIFARIRK

HHIERRE 7k, AT ik QAR EFMICE BAR. AR IR, F] 3

# YOLO #F 424 A (YOLOv3. YOLOvS5s. YOLOvS!) # iz 69346, BF

BR3R F AR ARG LR AL AR, A8 IR R B F % 3] ISR AR A9

BERZHAYE FR—EHNGINREALE 200 7k HALHIR, FERLER

KA R 09 DARORAL, Al K B EH M S0 HIRE, R & AR XL ETH

Mk AT (AL A 49 AR A AL, AR &892, HA YOLO A MmE, AR REI

BRAMET, 1£5 BIFKA LA ARG hoAp 18 G R A9FERL, 38 AL REAR I PF 3l
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BB, REARARA RN ERRBRBELOER, §EEAALTEY

PRI D s, AR EE A RAALE S HE BHERA KRS HUL

RABI A W LT AT 69 Rk, sboh, A M= HAAERNMA LN EMRT, LHEKF

Fa b FAR Sk 3 VA A8 2 69 B IR A A B 2R, AR AR BN A RE K

MR BRI A M ATELTL,

FAT R RAT o ATH B A AE R AT R, A =58 AR B A 5 4%

MEARF R ARG R Tk, 2B ISR L REEITIFINAL, EAIGLKAL

e

BHEOYRAAE ®INRRRRT AT LA 69 R A T AR B,

[6

VAR A AT AR 3 A % AktE, ARV EH S E, § AT BHEAIRZ

B, ERKEREER, RTHARERATEFEAYH TR, LIEANRASE

SRELERFEHRAF P, WHEZRBEEFENOBR, ERAERAIFEFGLY

AR RAR B RGN RE, L aEAERAE T & FIWENIELE B BARR

RRAAKTEEL, BERASARNNOALE B TR, FRts 20 5 5 R A

PRAE T N RAF LA B 4, LR ZRZRRS AT H, RIS

WER 5 A B RA B 6 R,
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B PNRIRIER O Al R =B A Al & 622 RAS TR, # A

F 58 R KT AGATH AR EMAT A, 68 6B R A RIRIE

(SDGs) % 12 78691 & F4L 74 & 24+ # | (Responsible consumption and production)

WE 1478 [RF R4HEEFER| (Life below water), BB X3k s Huig AT

TR R B G UK E 838 [ RAF ITAE R ik | (Decent work and

economic growth), A 22 Ak 698 AL X AL S0 AE ROR$T R 2 B AR B 42 7T Ak

BRI R ERE, EHRANA DRI R =0 A B HAR, #FHNEBHRE

kS HATHEERRBREETNERELAN, SHERCHREFTHEER

AL HART QRT X, HARMRIRFEHBEFTAK R

/H a8 ﬁi Kéwéﬁ %ﬂﬁ

CAR AT AL R A AL ER S, HARGOMRENRAFZ ARAFTRRE

2R, R RARIER Al A ER, A e AN, LS AR, L5548,

ARAZZHEAY (LLM) & Fixe A RN Al (GAD £k, FUAREARET,

e R BAGER, FHECEFFEE=RBALLM Y AIAR, BRELFTE
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N RA RSB B, AR G AR A A e R, B A (fine-tune)

RAEME LLM, F bt A A e Rel 28X, AZRANMHRTER T H

BWAEF AN SRS TR, AR IR RAWSEFRTHMANREGT BHE

E N e
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Table 1. Number of instances of each class in the two training datasets after

annotation (Chen et al., 2024a).

Labeling names and instances numbers

Dataset images Class
GreenTurtle redGT/young  marbleGT/elder
1 685 NA NA
781image 2 NA 481 212
3 279 202 221
1 1287 NA NA
1462image 2 NA 678 609
3 417 502 368

Here is 80% instances in training dataset
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Table 2. Performance of YOLOv3, YOLOVS5s, and YOLOvV5] as a function of dataset volume in terms of precision, recall, and F1-score (Chen

et

al., 2024a).

YOLOVv3

YOLOV5s

YOLOVvS1

Precision Recall F1-score

Precision Recall

Recall F1-score

781limage 98.25% 97.68% 97.96%

1462image  96.90% 97.50% 97.19%

98.72% 97.10%

97.21% 97.82%

95.37% 95.47%

97.47% 96.58%
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Table 3. The instance mAP s scores and average class mAP s scores of various YOLO models as a function of class annotation settings. The

plus and minus symbols indicate an increase or decrease in the mAP s scores when the number of instances was added (Chen et al.,

2024a).
class
Single-class-setting Two-class-setting Three-class-setting
number
Neural

instances GreenTurtle 1 instances redGT/young_2 instances marbleGT/elder_ 2 instances redGT/young_3 instances marbleGT/elder_3 instances GreenTurtle
model

685 98.3% 481 98.0% 212 95.6% 279 90.1% 202 91.5% 221 96.8%
YOLOv3 + +

1287 98.7% 678 94.5% — 609 97.1% 417 89.4%— 502 88.4% — 368 97.5% +

685 99.0% 481 96.2% 212 93.1% 279 86.2% 202 91.3% 221 98.3%
YOLOvVS5s +

1287 99.1% 678 93.3% =— 609 94.3%+F 417 89.9%— 502 83.3% =— 368 98.2% ~

685 98.2% 481 92.6% 212 87.9% 279 87.9% 202 82.6% 221 93.5%
YOLOvS51

1287 98.6%+ 678 93.1% + 609 95.6%+ 417 89.2%4 502 79.9% + 368 98.6% 4

average 98.6% 94.6% 93.9% 88.8% 86.2% 97.2%
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Table 4. The species list of marine species of Santiago bench complied from authors

previous study (Chen, 2011).

Kingdom Phylum Common names Species numbers
Porifera Sponges 8
Bryozoa Bryozoans, Moss Animals 4
Mollusca Cowries, Chitons, Sea Slugs, 72
Octopuses, Oysters
Arthropoda Crabs, Shrimps, Barnacles 22
Annelida Segmented Worms 8
Animalia Coelenterate Corals, Sea Anemones, 10
Jellyfishes
Echinoderms Sea Stars, Sea Urchins, Sea 27
Cucumbers
Nemertina Ribbon Worms 2
Platyhelminthes Flatworms 8
Chordata Tunicates, Vertebrates, 39
Fishes, Sea Snakes
Chlorophyta Green Algae 9
Plantae  Rhodophyta Red Algae 19
Chromophyta  Brown Algae 6
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Table 5. The instance amount and True Positive (TP) values of different species data

collected by Proposal Survey Protocol (PSP) and Adaptive Survey Protocol
(ASP) (Chen et al., 2024b).

PSP
common hame
instance species TP instance species TP

Eye Spot Sea Hare 499 0.97 489 0.97
Julian Sea Hare 210 0.98 210 0.98
Kurodai Sea Hare 112 1.00 112 0.98
Barnacle 812 0.83 804 0.84
Rock Oyster 205 0.87 205 0.90
Cowrie 276 1.00 276 0.96
Blotched Nerite 312 0.99 312 0.99
Blue-Ringed Octopus 145 1.00 145 0.94
Flat Rock Crab 72 1.00 72 1.00
Goby NA 632 0.71
Chition NA 195 0.93
Potamidids NA 1266 0.87
Sargassum NA 781 0.79
Sea Roach NA 478 0.75
Crescent Grunter NA 298 0.77
Sea Lettuce NA 640 0.85
Swimming Crab NA 275 0.96
Pebble Crab NA 202 1.00
Xantho Crab NA 192 0.98

Red Coral Algae
(Corallina) NA 301 0.56
Ballweed NA 280 0.96
Sponge NA 267 0.89
Tunicates NA 512 0.57
Pyramid Periwinkle NA 737 0.97
Brittle Star NA 213 1.00
Damsel Fish NA 221 0.78
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Fig. 1. Study sites around Little Liuqiu Island and the location of the island adjacent
to Taiwan (inset) (Chen et al., 2024a).
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Fig. 2. Architecture and data pipeline stage of YOLOvV3. The architecture consists of four main components: "Input," "Backbone," "Neck," and
"Head." The "Backbone" component is responsible for performing feature extraction on the input image. The "Neck" component carries out
multi-scale feature detection across three scales: 19x19 grids, 38x38 grids, and 76x76 grids. Finally, the "Head" component functions as a
logistic regression classifier to predict object labels, positions, bounding sizes, and class probabilities for objects present in the input image

(Chen et al., 2024a).
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Fig. 3. Three instance examples of one object class after labeling via (a) bounding
boxes as ground-truth objects; (b) Corresponding coding data, codes created in the

form of (c, x, y, w, h) after annotation (Chen et al., 2024a).
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Fig. 4. Feature patterns used for annotating label classes: (a) redGT/young patterns
indicative of juvenile or subadult; (b) marbleGT/older pattern indicative of adult
(> 30 years); (c) Images from UAV drone; (d) Turtles obscured by murky water
and surface reflections hindering identification; (¢) Backlight and turtle’s body

part (Chen et al., 2024a).
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1462image 2 class 644 90.3% 91.4% 89.6% 90.8% 93.8% 94 3% 64.9% 66.8% 61.3%
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Fig. 5. Performance indicators for all experiment scenarios in this study: (a) Performance comparison of YOLOv3, YOLOvVS5s, and YOLOVS5I; (b)
F1-score, (¢) mAPy s, and (d) mAP s.0.05:095 (Chen et al., 2024a).
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results using YOLOV3, YOLOVSs, and YOLOVSI (Chen et al., 2024a).
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Fig. 7. The architecture and information flow of Al detection service for green sea turtles detection. (a) Images are sent as queries via user
interface API, (b) then upload to Al neural model for green sea turtle detection. (c) Identification results are sent back to users through user

interface API, and all queries and results are stored on servers, (d) examples of detected images uploaded by various users (Chen et al.,

2024a).
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Fig. 8. Location of the study site at Cape Santiago with its position within Taiwan
highlighted (inset) (Chen et al., 2024b).
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Fig. 9. An example of 3x3 Multi-Class confusion matrix with actual species as
X-axis/row-grids and predicted species as Y-axis/column-grids. While focus on
class A, the AA grid is True Positive, TP, the rest row grids are False Positive, FP,
the rest column grids are False Negative, FN, and the rest grids, except all above

grids, are all True Negative, TN (Chen et al., 2024b).
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(a) (b)

Fig. 10. The survey transect routes of different survey protocols. (a) The routes of ten transect lines (TSL) of proposed survey protocol (PSP),

and (b) a loop comprised of 4 grooves (GRV) and 4 rock pools (RP) of adaptive survey protocol (ASP) (Chen et al., 2024b).
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(b)

(a)

Phylum Common names Scientific names Spatial Temporal Instances

Mollusca Eye Spot Sea Hare Aplysia oculifera HWL W, SP, F 499 u
Julian Sea Hare Aplysia juliana HWL W, SP, F 210 3
Kurodai Sea Hare Aplysia kurodai LWL W, SP, F 112 E
Rock Oyster Saccostrea mordax HWL W, SP, SU, F 205
Cowrie Cypraea annulus LwL W, SP, SU, F 276
Blotched Nerite Nerita albicilla HWL W, SP, SU, F 312
Blue-Ringed Octopus Hapalochlaena cf. fasciata LWL SU,F 145

Arthropoda  Flat Rock Crab Percnon planissimum HWL SU, F 72
Barnacle Tetraclita kuroshioensis HWL W, SP,SU, F 812

Fig. 11. (a) The species name, scientific name, spatial-temporal and instance number
of 9 species for training YOLOV3 after proposal protocol surveys by CS
participants. (b) Confusion matrix results for different species class classification

(Chen et al., 2024b).
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(a) (b)

Kingdom Phylum Common names Scientific names Spatial  Temporal Instance Confusion Matrix
Chitons Tiplophura sp. WL W,SP,F 195 Goby 4 008 009
Pyramid Periwinkle Nodilittorina pyramidalis HWL W, SP, F 737 Chition -
Eye Spot Sea H Aplysia oculi HWL W,SPF 489 Fotamidias - =
ye Spot Sea Hare plysia oculifera g Sargassum - omn 011
Julian Sea Hare Aplysia juliana HWL W, SP,F 210 Sea_Roach - n 0.07
Moll Kurodai Sea Hare Aplysia kurodai LWL W, SP, F 112 Crescent_Grunter - 0.01 0.02
ollusca
Rock Oyster Saccostrea mordax HWL W, SP,SUF 205 Sea_Lettuce - 001 0.05
Cowrie Cypraea annulus LWL W, SP,SU,F 276 Swimming_Crab -
. . o Pebble_Crab -
Blotched Nerite Nerita albicilla LWL W, SP, SU,F 312 Xantho_Crab -
Blue-Ringed Octopus Hapalochlaena lunulata LWL  SU, F 145 AO_S_hare - 0.01
Potamidids Batillaria spp. HWL W, SP,F 1266 AJ_S_hare - 0.0} 0.01
Sea Roach Ligia taiwanensis HWL SU,F 478 © AK_S_hare -
& Barnacle - 0.01 014
Animalia Swimming Crab Thalamita prymna LWL W, SP, SU,F 275 é R_Oyster o
Arthropoda Pebble Crab Eriphia ferox HWL W, SP,SU,F 202 & Cypraea - 0.07 0.01
Xantho Crab Xantho sp. LWL  W,SP,SUF 192 Narita -
Flat Rock Crab Percnon planissimum HWL SU,F 72 BR_Octopus - 001
Barnacle Tetraclita kuroshioensis HWL W, SP,SU, F 804 FR_crab -
Corallina - 0.56 on
Black Sea Cucumber Holothuria atra LWL SU, F 295 E
Echinoderms SCucumber -
Brittle Star Ophiocoma dentata HWL  W,SP,SU,F 213 Ballweed -
Goby Bathygobius cocosensis LWL W, SP,SU,F 632 Sponge - 0,01
Crescent Grunter Terapon jarbua LWL  W,5P,SUF 298 Tunicates -0.01 o7 an
Chordata . P_Periwinkle - 0,08
Damsel Fish Abudefduf sexfasciatus LWL W, SP,SU,F 221 !’3 ttie. &
nttie ar -
Tunicates Polycitor cf. proliferus LWL W, SP, F 512 D amsol}ls,‘ . 501
Porifera Sponges Callysponia sp. LWL W, SP, SU,F 267 background -0.280.070.120.210.250.160.150.03  0.020,020.020,030.160.10001  0.06 Mo 100,040.110880.03  0.22
Chlorophyta Sea Lettuce Ulva lactuca HWL W, SP,F 640 55 5 gﬁ § gg ﬁﬁ % g % % Q 3 .'12 §3 E §§ g'g 5‘ 55 2
Rhodophyta Red Coral Algae Corallina pilulifera LWL  SU,F 301 8§22 2 § SEC 00 s 280 s gV FEEETENE3
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Fig. 12. (a) The species name, scientific name, spatial-temporal and instance number of 27 species for training YOLOV3 after adaptive protocol

surveys by CS participants. (b) Confusion matrix results for different species class classification (Chen et al., 2024b).
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Fig. 13. The program interface API incorporates an Al recognition service. Users can

utilize the provided species recognition capabilities to search for species in the
field. When they encounter a suspected species, they can capture a photo and
upload it from their mobile phones to the server to request Al identification (Chen

et al., 2024b).
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Fig. 14. Examples of identified species instances (a) 4 blotched-nrites, 1 cowrie and 1
rocky oyster, (b) 1 eye spot sea hare, (c) 2 flat rock crabs, (d) 1 kurodai sea hare, ()
10 barnacles, (f) blue-ringed octopus (Chen et al., 2024b).
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Fig. 15. The Information Flow Diagram (IFD) illustrating "Tier 3: Hybrid Intelligence

(HI) at the collective level" adapted from Rafner et al., 2021. Please refer to the

accompanying text for details (Chen et al., 2024Db).
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Fig. 16. Illustration depicts the integrative mind map of the Hybrid Intelligence
system, encompassing components of CS and Al, along with two distinct tasks.
The map is further characterized by eight attributes crucial for effective system
management. The directional arrows within the diagram indicate the influences
between components and attributes. Detailed explanations can be found in the

accompanying text (Chen et al., 2024b).
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Observing marine life has emerged as a pivotal catalyst for the growth of the Blue Economy. Yet, overzealous and
recurrent observations may exert undue stress on marine creatures, thereby complicating the sustainable man-
agement of marine assets. After the easing of Covid-19 pandemic restrictions, a notable influx of tourists to Little
Liuqiu Island, Taiwan puts considerable stress on its green sea turtle population. This surge intensified incidents
of illegal harassment, triggering concerns from both the local community and administrative bodies. The pre-
vailing challenge is to ensure tourists observe these turtles with respect, refraining from behaviors such as
touching or pursuing them. Addressing this, our study harnesses deep learning algorithms to equip ecotourism
operators and tourists with tools to detect green sea turtles across diverse coastal terrains, reinforcing conser-
vation efforts. Our analysis scrutinized object detection Al models, namely YOLOv3, YOLOv5s, and YOLOV5].
Fieldwork was undertaken on the island to gather ample training images, capturing elusive green sea turtles in
various settings, from coastline strolls to drone imagery. Supplemental images sourced from local social media
platforms were later added. Contrary to expectations, we found that merely expanding the training dataset did
not guarantee improved outcomes. Instead, the variance in image content, considering distances, angles, and
turtle appearances, played a pivotal role in enhancing model precision. Through our experimentation, the
streamlined YOLOv5s model consistently eclipsed its more complex counterparts in performance. An Al service,
underpinned by the YOLOv5s model, has been launched to distinguish between green sea turtle types for tourist-
focused conservation initiatives. Future iterations will incorporate user feedback to refine accuracy. Our research
breaks new ground, spotlighting the intricacies of gathering natural environment data, pinpointing optimal Al
models, and evaluating their practical implications for green sea turtle conservation.

1. Introduction

Ocean or coastal tourism is considered a part of the Blue Economy
(World Bank, 2017) and aligns with sustainable ocean management
policies that promote the development of island nations (Bhattacharya
and Dash, 2021). Marine creature sightings have become a global phe-
nomenon and have made substantial contributions to local economies
(Scuderi et al., 2022). For example, whale-watching activities generated
an annual revenue of $3 million in northern Peru (Guidino et al., 2020),
and nature-based marine tourism in the Gulf of California attracted an
estimated 896,000 visitors per year, resulting in $518 million in revenue
and directly supporting 3575 jobs (Cisneros-Montemayor et al., 2020).

For marine researchers and managers, monitoring the temporal and
spatial patterns of marine life populations is a formidable task. However,
this monitoring information is crucial for effective marine or coastal
resource management. Paradoxically, the elusiveness and unpredict-
ability of marine life can be a draw for ecotourism, motivating citizens to
invest their time, resources, and efforts in seeking out cryptic, rare, or
endangered species. Once discovered, these species are often photo-
graphed and shared on social media using smartphones. The content of
these posts, including images, videos, timestamps, and geographic data,
can serve as valuable references for ecological monitoring and conser-
vation management (Toivonen et al., 2019; Elqadi et al., 2017; Crans-
wick et al., 2022).
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The decline in sea turtle populations has historically been linked to
the harvesting of their meat, eggs, and shells (Chaloupka et al., 2008).
Recent studies, however, reveal a more complex scenario. Factors such
as climate change, which impacts turtle sex determination (Heppell
et al., 2022), habitat pollution (Sposato et al., 2021), and various other
anthropogenic pressures have also contributed significantly to their
dwindling numbers. In response, Marine Protected Areas (MPAs) and
Marine National Parks have emerged as crucial sanctuaries. These areas
offer green sea turtles safe zones for feeding, breeding, and nesting with
minimal human interference, enabling focused and effective conserva-
tion efforts for the endangered species.

The regulation of international trade in green sea turtle products is
governed by the Convention on International Trade in Endangered
Species of Wild Fauna and Flora (CITES), highlighting the global
commitment to their conservation. Specific zoning within MPAs, such as
the "B’ Zone in Marine National Parks, enforces a ’look but don’t take’
policy, prohibiting extraction (Day, 2002). The Tortuguero National
Park in Costa Rica exemplifies this approach as a key breeding ground
for green sea turtles in the Western Hemisphere, with strict controls on
human activity and lighting during nesting seasons, and a total ban on
the extraction or harassment of sea turtles (Gutiérrez-Lince et al., 2021).
Similarly, in Taiwan, the Wildlife Conservation Act stringently prohibits
trading, capturing, harvesting, or harassing marine turtles in any coastal
or marine area (Wildlife Conservation Act, Taiwan).

Ecotourism is one approach to compensating for the economic con-
straints imposed by wildlife conservation. According to Weaver and
Lawton (2007), ecotourism is a nature-based tourism that benefits
conservation efforts and the welfare of local residents. Pegas et al.
(2013) reviewed operating ecotourism cases of sea turtles and concluded
the importance of incentives of local communities cooperation and
involvement, which will initiate the change of utilization way and lead
to reduced consumption of natural resources and/or increased conser-
vation support. The success of sea turtle ecotourism often depends on
visitors’ on-site experience, which involves environmental education
and the sighting of sea turtles (Tisdell and Wilson, 2005). Lamb (2019)
reported that visitors’ embodied encounters with sea turtles experience
sharing through online remediation on social media, like Instagram and
Facebook, had effectively promoting sea turtle tourism at Laniakea
Beach, Hawaii. Therefore, accurate estimates and on-site of sea turtle
encounters will be very helpful for promoting sustainable ecotourism
operations.

Deep learning is an Al algorithm that utilizes multi-layered neural
networks to analyze and process data intricacies, enabling image pattern
recognition and decision-making. The training process is pivotal, as the
model’s efficacy largely hinges on the quality and depth of its training
(Own-Bar and Trivedi, 2017; Wei et al., 2018). While pre-trained neural
models can assist in the transfer and learning processes, there remains a
need for a specific dataset tailored to new learning scenarios (Ozbulak
et al., 2016; Windrim et al., 2016). To detect green sea turtles in their
natural habitat, it is crucial for the model to encompass various animal
features, including camouflage against the background, rapid changes in
environmental conditions (such as waves and lighting), and the different
idiosyncrasies present in the images (such as noise, brightness, and
chroma). Therefore, collecting a suitable animal image dataset in
diverse environments is essential to effectively train the AI model
(Muksit et al., 2022).

In recent years, there has been a growing focus on applying deep
learning based visual automation to marine resource management
(Nazerdeylami et al., 2021). However, there has been limited work on
the Al detection of sea turtles. In 2020, Badawy and Direkoglu collected
images from Google and ImageNet (Deng et al., 2009) to create a sea
turtle dataset and trained a neural model of Faster R-CNN (Ren et al.,
2016) to detect green and loggerhead sea turtles on beaches. They
achieved a precision of 95.7% at a threshold of 0.8. Alvarez-Ellacuria
et al., (2020) also used deep learning models, specifically Mask R—-CNN
(He et al., 2017), to detect fish length and understand fish stock
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dynamics for sustainable management. Additionally, many researchers
have applied various deep learning models to automatically detect and
classify fishery catches or discards (Malde et al., 2019; French et al.,
2020; Tseng and Kuo, 2020; Rick van Essen et al., 2021).

Capturing images of live fish or marine life in their natural habitats
presents more challenges than doing so in controlled environments like
boats or markets. The vastness of marine and coastal regions, along with
the camouflage abilities of many species that allow them to blend with
the seabed or surrounding waters, makes data collection for Al training
more complex. Although there is a growing accumulation of large-scale
coastal marine images for Al training datasets, such as the Deepfish
dataset (Saleh et al., 2020) and OzFish (Australian Institute of Marine
Science, 2020), compiling these sets requires considerable effort.
Despite these advancements, there is still a significant need for building
comprehensive training databases. Utilizing metadata from social media
and citizen science records can provide valuable supplementary
ecological data, especially for marine species that are rare or lack suf-
ficient data (Cranswick et al., 2022).

Little Liuqiu Island in southern Taiwan has a historical reliance on
fishing. However, due to the depletion of fishing resources, the island
has shifted its focus towards ecotourism, particularly attracting tourists
interested in sighting green sea turtles. Conservation initiatives, coupled
with pandemic lockdowns, have led to a significant increase in the green
sea turtle population in the region. In 2019, there were an estimated 199
wild turtles spotted along the island’s coastline, a number that increased
to 805 by 2021 (Ocean Conservation Administration, 2021). Nonethe-
less, the island has experienced a surge in tourism following the easing
of Covid-19 restrictions, with the number of visitors more than doubling
from 173,307 people to 362,660 people (Liugiu Township Office). This
influx of tourists not only brings economic revenue but has also led to
legal cases related to wildlife harassment that could potentially harm the
well-being of the green sea turtle population (Coast Guard Director Of-
fice). To address these concerns, local communities and government
authorities have implemented coastal management measures, including
conservation education and ecotourism guidelines, to prevent distur-
bance of wildlife.

The core concern being addressed revolves around the local com-
munity’s expectations: how can Al benefit both tourism and the con-
servation of green sea turtles on Little Liuqiu Island? In this study, our
goal is to develop an Al service that can detect green sea turtles in their
natural habitat, thereby enriching the sighting experiences for tourists
and heightening their conservation awareness. We explore the best
training dataset, the optimal AI model, effective evaluation techniques,
and practical applications to promote sustainable management of the
green sea turtle population.

2. Material and methods
2.1. Study site

Little Liuqiu is a coral island with a surface area of 6.2 km?, situated
approximately 15 km from the southwest coast of Taiwan. The coastline,
spanning 12 km, comprises of a reef, sand beaches, and four fishing
ports. The Ocean Conservation Administration reports that green sea
turtles can be found throughout the island, with the highest frequency of
sightings recorded in four areas: Huaping Rock Coast (north), Duozi
Bench (northwest), Shanfu fishing port (west), and Lobster Cave (east)
(Ocean Conservation Administration, 2021). All four sites were included
in this study (Fig. 1).

2.2. Al Model selection and training set up.

The pioneering deep learning algorithm for image recognition, a
convolutional neural network (CNN), was introduced by Fukushima in
1980 (Fukushima, 1980). It’s essential to clarify that this function is
typically employed for images featuring a singular object to avoid am-
biguity. Later, Girshick et al. (2014) devised a neural network model for
object detection. This model segmented the input image into roughly

d0i:10.6342/NTU202401236



V.Y. Chen et al.

1 I
N
A Huaping Rock Coast
0 0.5 1k
L . %
\ Q
| z
: thtJe Llquu Island J
Shanfu Fishery [ A
Harbor ‘J { / S
] 7/ —
g ) _— ‘/
i S 7 Lobster Cave Coast
| 2 X
[ A )
Pl P, Taiwan
N
~ . /)
- J
“\ l ayy
J2' o
—— N
w
= L 1 =) 8
120.360°E 120.390°E =

Fig. 1. Study sites around Little Liuqiu Island and the location of the island
adjacent to Taiwan (inset).

2000 small regions, then employed a convolutional network to
sequentially extract features from each segment. This paved the way for
the innovative *You Only Look Once’ (YOLO) model, which partitions
the input image into significantly fewer regions (e.g., 7x7 cells). YOLO
reframes object detection as a regression challenge, employing spatially
distinct bounding boxes associated with class probabilities (Redmon
et al., 2016). This approach allows YOLO to predict bounding boxes and
class probabilities directly from the input image, streamlining the pro-
cess. YOLOv3 introduced a novel model architecture with three grid
sizes, facilitating the recognition of objects at varying distances and
sizes, from proximate to remote and from minuscule to substantial
(Redmon and Farhadi, 2018; Guerrieri and Parla, 2021) (Fig. 2). In our
research, we juxtaposed the established YOLOv3 model with the more
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recent YOLOV5s, which boasts a compact architectural design, and the
YOLOvV5I model, characterized by a more expansive architecture, spe-
cifically for detecting wild green sea turtles. The source codes for both
YOLOv5s and YOLOvV5] can be accessed on GitHub (Glenn, 2022,
https://github.com/ultralytics/yolov5). We trained all three models
using Linux desktop computers, powered by an RTX3090-24G GPU, with
the subsequent hyperparameters: pre-trained weight, training batch size
of 32, image dimensions of 800x800, and learning epoch of 200.

2.2. Image acquisition and annotation

To assemble our green sea turtle image dataset, we utilized two re-
sources. The first resource was 781 images that we collected between
2016 and 2021 using a UAV (Dji Mavic Pro M1P) or underwater camera
(Olympus TG-3). It’s important to note that image acquisition was slow
until 2019 when the number of sightings increased. The second resource
was 681 images obtained from a local islanders’ Facebook group named
"Turtle Spot Taiwan" (Turtle Spot Taiwan), which was established in
2017. In total, we acquired 1462 images.

In the current study, the sea turtles that appeared in images were
treated as objects to be annotated within a bounding box using a labeling
program, labeling, the boxes of which were then saved as the ground
truth instances (Fig. 3a) encoded as data class (c), coordination position
(x, y) and size (width w, height y) (Fig. 3b). All training datasets were
randomly divided into a training set (80%) and a validation dataset
(20%).

2.3. Evaluation of detection performance of AI models

The prediction results fell into four scenarios: 1) Success in identi-
fying an actual ground-truth object - true positive (TP); 2) Success in
identifying a non-turtle object - true negative (TN); 3) Failure to identify
an actual ground-truth object - false negative (FN); and 4) Erroneous
identification of non-turtle object as a ground-truth object - false posi-
tive (FP).

The precision of the models was calculated using Eq. (1), the recall
was calculated using Eq. (2), and the Fl-score (the mean value indi-
cating precision and recall) was calculated using Eq. (3):

Head

Neck

3-scale feature detector

S
d

large object prediction tensor
=19x19x(AnB*(Pr+(x,y,w,h)+C))

Backbone
Darknet-53

Input

medium object prediction tensor
=38x38x(AnB*(Pr+(x,y,w,h)+C))

608px608p with
labels(c,x,y,w,h)

Detection block

Residual block

(.1, Convolution block

Concatenate

76x76 grids

small object prediction tensor
=76x76x(AnB*(Pr+(x,y,w, h)+C))

\/A00

Fig. 2. Architecture and data pipeline stage of YOLOv3. The architecture consists of four main components: "Input," "Backbone," "Neck," and "Head." The "Backbone"
component is responsible for performing feature extraction on the input image. The "Neck" component carries out multi-scale feature detection across three scales:
19x19 grids, 38x38 grids, and 76x76 grids. Finally, the "Head" component functions as a logistic regression classifier to predict object labels, positions, bounding

sizes, and class probabilities for objects present in the input image.
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Fig. 3. Three instance examples of one object class after labeling via (a) bounding boxes as ground-truth objects; (b) Corresponding coding data, codes created in the

form of (¢, x, y, w, h) after annotation.
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YOLO is meant to detect the class, position, and size of objects. Thus,
we also calculated the ratio of area in the predicted bounding box B,
overlapping the area of the actual ground truth box B, using the inter-
section of union IoU formula, as follows:

_aera ‘Bp ﬂBg,|

~ aera !B,, UBg[| @

The mAP, 5 Eq. (5) measures the averaged precision value of all the
cases when IOU is 50% threshold area overlap.

1 n
mAP s = ZAPm,ggory i when IoU _threshold = 0.5 5)
=1

While mAPg5.005.095 Eq. (6) denotes that the mAP from IoU
thresholds of 0.5-0.95 in increments of 0.05 is calculated by averaging
the Average Precision (AP) at each IoU threshold.

0.95

1
mAP 5.0.05:095 = 10 Zmu:o.sAP’"U when IoU _threshold

=0.5,0.55,0.6,0.65,0.7,0.75,0.8,0.85,0.9,0.95 (6)

2.4. Al model optimization experiments

The effectiveness of the Al service depends on the optimization of the
Al model and the training dataset. In this study, we assess how the size
and composition of the training dataset affect the detection performance
of different YOLO models. Our goal is to identify the most efficient Al
models for system in green sea turtle management.

2.4.1. Experiments of training data volume

YOLOvV3, YOLOv5s and YOLOv5] models were trained using two
datasets (single-class) with different volumes and then assessed in terms
of precision, recall, and Fl-score value. The first training dataset
included 781 images collected during studies, whereas the second
dataset included the same images plus 681 additional images bringing
the total to 1462.

2.4.2. Experiments of data class classification and instance amount

The impact of data classification and instance quantity on identifi-
cation performance was evaluated by annotating the objects/instances
in the original dataset images as a single class. The same dataset images
were then re-annotated as two and three classes using the same settings

to determine how the volume and quality of annotated classes affected
accuracy mAPy 5. The accuracy of each class at different class settings
was evaluated, and comparisons were made between them.

2.4.3. Evaluation of overall detection performance of the various YOLO
models

We evaluated overall object detection performance of YOLOV3, v5s
and v5] when applied to the green sea turtle datasets in terms of F1-score
(harmonic mean between precision and recall), mean average precision
of object detection (mAP( 5 and mAPy 5:0.05:0.95)-

2.5. Deployment of trained AI model to execute service

Once the Al model has been trained, it will be deployed on a publicly
accessible server, enabling continuous green sea turtle detection services
via the Internet. With this deployment, our AI service becomes fully
operational and accessible to the public. The work breakdown structure
of this study is divided into four distinct blocks: 1). data collection, 2).
training Al, 3). online deployment of the trained Al, and 4). facilitating
user interaction with the service system (as illustrated in Fig. 4).

3. Results
3.1. Evaluation on training dataset volume effect

In our examination of single-class annotations focused solely on
green sea turtle detection, we evaluated the performance of three
models: YOLOv3, YOLOv5s, and YOLOvVSI, with respect to dataset size.
We tested these models using both a smaller dataset comprising 781
images and a larger one with 1462 images. Their efficiency was gauged
using precision, recall, and F1-score metrics. The findings indicated that,

Offline Al

e T

deployment

Internet Datalannotation

Al détection
|

Researchers

Data collect

Green Sea
Turtles
Sightings

Enthusiasts

Fig. 4. The work breakdown structure and information flow of the Al service
for coastal green sea turtle management. The dotted lines represent the flow of
information via the Internet.
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with the smaller dataset, YOLOv3 outperformed the others across all
three metrics. YOLOv5s exhibited superior results in terms of precision
and F1-score, while YOLOV5I lagged behind in all three metrics when
trained on the smaller dataset (Table 1).

3.2. Analysis of annotation results

In their research on green sea turtle populations in the Atlantic and
Gulf of Mexico, Witherington and Witherington (2015) observed
intriguing variations in the color patterns of the carapace. Juvenile
(3-10 years old) and subadult (10-30 years old) turtles tend to exhibit
vibrant red radiating streaks on the scutes (Fig. 5a), whereas adults (over
30 years old) exhibit a noisy scattering of colors (Fig. 5b). In the current
study, we observed two distinctive patterns on the carapace of green sea
turtles around Little Liquid Island. One pattern was “light to dark brown
shading with dark mottling” which we classified as marbleGT/elder
(Fig. 5b), due to the fact that these characteristics are generally observed
in adult animals (>30 years). The other pattern was “red with brown
radial features” (Fig. 5a), which we classified as “redGT/young”. We
determined that most of the animals with the red radial pattern were
smaller with keels on the rear of the carapace, both of which are char-
acteristic of young turtles (<30 years). Many of the carapace patterns
were not easily recognizable in the following situations: 1) when viewed
as small, distant objects from the drone (Figs. 5c), 2) when they
appeared to blend in with the water surface when viewed from the sea
bank (Figs. 5d), and 3) when the patterns became invisible when lit from
behind or only the body parts of the animal were visible (Fig. 5e). These
images were broadly classified as “GreenTurtle” (Fig. 5c, d, e). The
amount of annotated instances of each class in two datasets is showed at
Table 2.

The results for all annotation of training datasets were visualized in
terms of instance structure, based on normalized position coordinates (x,
y) and width to height ratio (w, h) to determine the shape of the
bounding box (square or rectangle). Most of the instances were close to
the center of the images and most of the instances were vertical rect-
angles with a roughly equal distribution of sizes applicable to the three
sizes (i.e., small, medium, and large) (Fig. 6). Imbalances in instance
distribution can hinder the training of the neural network model (Zhang
et al., 2021). The distribution of classes in the larger dataset was more
balanced (Fig. 6e) than that in the smaller dataset, in which the number
of redGT instances (481) was nearly double that of marbleGT (212)
(Fig. 6b). The use of three-class annotation greatly improved the balance
of amount, wherein number of GreenTurtle instances exceeded the
redGT and marbleGT instances by roughly 30% at two-class case (Fig. 6¢
and f).

3.3. Learning trajectory and trained weights

All three models (YOLOv3, YOLOv5s, YOLOvVS5I) were trained using
200 epochs, each of which involves the one-time use of all training and
validating data in a given dataset. The learning efficiency and number of
required epochs were determined by assessing the precision, recall,
mAP 5.0.05:0.95, and mAPg 5. The number of training epochs was pro-
portional to the number of calculations and training time. YOLOv3
presented a steep (fast) learning slope, reaching convergence after 50
epochs (Fig. 7a, b, c). Lightweight (fewer layers) YOLOv5s required
roughly 100 epochs to reach convergence (Fig. 7d, e, f). Heavyweight
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(more layers) YOLOvV5! required more than 100 epochs to reach
convergence (Fig. 7g, h, i).

After training, the models identify and learn from the patterns in the
training dataset images. The outcomes of this learning process are the
trained weights, which are later utilized to execute their designated
functions. In our experiments, the sizes of the trained weights for
YOLOvV3, YOLOv5s, and YOLOv5I are 246.3 MB, 14.8 MB, and 93.6 MB,
respectively.

3.4. Class setting and instance volume effects

The configuration settings of a neural network model can profoundly
influence its detection capabilities for various object types. In our ex-
periments, we evaluated the model’s performance by categorizing a
single dataset into multiple classes, subsequently analyzing the impact
of increasing instance volumes within consistent class settings. Results
demonstrated a steady positive correlation between increasing instance
volume and class accuracy mAP 5 scores solely for YOLOv5I], whereas
the other two models exhibited variable trends. Intriguingly, in the two-
class and three-class configurations, increasing the instance volume
generally had a negative effect on the class mAPy 5 scores for both
YOLOv3 and YOLOv5s. A notable exception was observed when the
instance volume of the marbleGT/elder_2 class was augmented from 212
to 609 instances, leading to a surge in the class mAP 5 scores (as illus-
trated in Table 3).

After accounting for variations in instance volume and model types,
and by averaging all mAPy s values for analogous classes, the Green-
Turtle_1 class emerged with the top average class mAP 5 at 98.6%. It
was followed by the redGT/young 2 class with 94.6% and the mar-
bleGT/elder_2 class at 93.9%. A similar trend was discerned in the three-
class configuration, with mAP 5 values registering 88.8% for the redGT/
young_3 class and 86.2% for the marbleGT/elder_3 class. Overall, an
inverse relationship was evident between the average class mAP 5 and
the diversity of class configurations. Yet, the GreenTurtle_3 class still
managed to secure an impressive average class mAP( 5 of 97.2%, the
second highest across all classes, even with its instance volume being
relatively much smaller than several other classes (refer to Table 3).

3.5. Comparative analysis of YOLO model performance

In our analysis, we identified a general positive correlation between
the quantity of training instances and the validation performance met-
rics across all three models, specifically for the Fl-score (Fig. 8b),
mAP 5 (Fig. 8c), and mAPy 5.0.05:0.95 (Fig. 8d). Examining the F1-score
performance of the trio, YOLOv3 and YOLOVS5s consistently out-
performed YOLOVS5I, particularly in terms of instance volume per class.
These two models, YOLOv3 and YOLOv5s, showcased comparable out-
comes across the board, outshining YOLOVS5I in all key performance
metrics: Fl-score (Fig. 8b), mAPys (Fig. 8c), and mAPgs5.0.05:0.95
(Fig. 8d). To provide a holistic view of the models’ efficacy, given that
their relative performances were contingent on specific training dataset
parameters, we amalgamated the results from all performance in-
dicators across experiments (Fig. 8). In the context of green sea turtle
detection, YOLOv5s emerged as the most proficient model (Fig. 9).

Table 1
Performance of YOLOv3, YOLOvV5s, and YOLOV5! as a function of dataset volume in terms of precision, recall, and F1-score.
YOLOv3 YOLOVS5s YOLOV51
Precision Recall Fl-score Precision Recall F1-score Precision Recall F1-score
78limage 98.25% 97.68% 97.96% 98.72% 97.10% 97.90% 95.58% 95.37% 95.47%
1462image 96.90% 97.50% 97.19% 97.21% 97.82% 97.51% 95.71% 97.47% 96.58%
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Fig. 5. Feature patterns used for annotating label classes: (a) redGT/young patterns indicative of juvenile or subadult; (b) marbleGT/older pattern indicative of adult
(>30 years); (c) Images from UAV drone; (d) Turtles obscured by murky water and surface reflections hindering identification; (e) Backlight and turtle’s body part.

Table 2
Number of instances of each class in the two training datasets after annotation.

Dataset images Class Labeling names and instances numbers
GreenTurtle redGT/young marbleGT/elder

781limage 1 685 NA NA

2 NA 481 212

3 279 202 221
1462image 1 1287 NA NA

2 NA 678 609

3 417 502 368

Here is 80% instances in training dataset.

3.6. Al service deployment

The Al detection service utilizing the YOLOv5s model, trained on a
compact dataset comprising two classes, is now available online for both
local tour guides and tourists. This initiative seeks to engage tourists
actively in monitoring and identifying turtles as they journey along the
island’s shores. The service provides a user-centric application interface,
API (Fig. 10a), optimized for diverse mobile devices, facilitating
straightforward photo uploads for Al identification (Fig. 10b). When-
ever there’s an active Internet connection, the results are swiftly deliv-
ered to the user through the same API (Fig. 10c).

4. Discussions
4.1. Effects of quantities and contents of training dataset

The fact that YOLO are based on deep learning means that detection
performance depends not only on the neural network architecture but
also on the training dataset. Many previous attempts to automate the
detection and identification of marine organism focused entirely on the
neural model with little consideration for the training dataset (Salman

et al., 2020; Zhao et al., 2021; Muksit et al., 2022). When we started this
research, we were unsure about the quantity of images required to train
a highly accurate Al model. We could only assume that the more
appropriate green sea turtle images we had, the better. After three years
of field collection, we sorted out 782 images that seemed suitable for Al
training. We later added another 682 images from the social media
platform "Turtle Spot Taiwan", increasing the photo count by nearly
47%. This addition improved the three performance indicators (preci-
sion, recall, and Fl-score) for the YOLOvV5] model by about 1%. For
YOLOVS5s, only the recall value increased, whereas, for YOLOv3, the
performance decreased across the board (as shown in Table 1). For a
single object class, over 700 training images can evidently achieve a
satisfactory precision and recall rate of above 97% for both YOLOv3 and
YOLOv5s. To our knowledge, turtle image recognition has only been
done by Badawy and Direkoglu (2020), who used about 500 turtle
photos from open-source online databases to train the Faster R-CNN
model and achieved a precision of 95.7%.

The F1-score of YOLOV3’s performance in our study stands out when
compared with other marine training datasets. Saleh et al. (2020) uti-
lized the expansive OzFish database (Australian Institute of Marine
Science, 2020) comprising 1800 images with 43k instances and ach-
ieved an F1-score of 72%. When applying YOLOvV3 to their own Deep-
Fish dataset, which contains 4505 images with 15k instances, they
reached an Fl-score of 94%. In contrast, our research used a larger
dataset of 1462 images and 1608 instances, achieving an Fl-score of
97.19% (Table 1). Remarkably, even with our smaller dataset of 782
images and 856 instances, we attained an Fl-score of 97.96%. These
findings suggest that model performance is influenced not just by the
sheer quantity of data, but also potentially by the quality and content of
the dataset.

To investigate the influence of dataset instance volume, we con-
ducted experiments with varied annotated class compositions. In a
general trend, the detection accuracy, denoted by mAP,) s, for each class
shows a positive correlation with its instance volume, especially for
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Fig. 6. Structure map of instances of two classes setting: the number of instances, bounding box shape, bounding box size, and bounding box position. (a) Small
dataset/single-class; (b) Small dataset/two-classes; (c) Small dataset/three-classes; (d) Large dataset/single-class; (b) Large dataset/two-classes; (c) Large dataset/

three-classes.

YOLOvV5I. However, this trend is not consistently observed for the other
two models. Notably, in the three-class setting, the mAPys for the
GreenTurtle_3 class is significantly higher than the other two classes,
despite its lower instance count of 221 (Table 3). This discrepancy may
stem from the diverse range of object sizes present in this class, spanning
from large objects (e.g., close-up views of body parts) to small objects (e.
g., aerial shots taken by drones) (Fig. 5c, d, e). This research underscores
that a dataset encompassing a broad spectrum of object sizes can
significantly elevate detection accuracy (mAPy 5) compared to datasets
with uniformly sized objects. This enhanced performance can be linked
to the design philosophy behind YOLOv3 and its subsequent variants.
Unlike R-CNN (Girshick, 2015), which primarily recognizes 2D planar
patterns, YOLOv3 and its subsequent variants also accounts for di-
mensions influenced by the object’s distance from the camera (Fig. 2)
(Redmon and Farhadi, 2018).

4.2. Comparison of learning, computation speed and performance
efficiency

Neural network learning is an iterative trial-and-error process that
continues until the network reaches convergence, which corresponds to
achieving the minimum error and the highest learning scores. Our ex-
periments demonstrated that the final converged F1-score and mAP 5
scores can serve as indicators of dataset content, while the learning
trajectories within 200 epochs can provide insights into the learning
process and efficiency of different model designs with a specific dataset.
Notably, we observed that the learning trajectory of YOLOv5I exhibited
more fluctuations and converged at a slower rate to the maximum
learning scores compared to the learning trajectories of YOLOv3 and

YOLOvV5s (Fig. 7). Overfitting occurs when a model learns the training
data too well, to the point where it performs poorly on unseen data due
to failure in capturing the true underlying process. The notion that
increasing the number of training epochs invariably leads to overfitting
in deep learning models is contentious (Afag and Rao, 2020; Bejani and
Ghatee, 2021). Our study’s scope is limited in determining whether the
overfitting phenomenon has impacted the models we trained.

YOLO is a dynamic open framework, evolving as a neural network
that is primed for continual enhancement. Studies utilizing the MS
COCO dataset (Lin, 2014) have conclusively shown that subsequent
versions of YOLO outperform their predecessors in terms of speed and
accuracy (Jiang et al., 2022; Wang et al., 2022). Consequently, YOLOv5I1
and YOLOV5s are anticipated to surpass YOLOv3 in accuracy. YOLOV5s,
a streamlined version of the YOLOv5 model, is optimized for speed and
efficiency at the sacrifice of some accuracy, making it ideal for devices
with constrained computational capacities or for real-time applications.
Conversely, YOLOvV5], a more extensive variant of the YOLOv5 model, is
tailored to deliver superior accuracy, albeit requiring more computa-
tional resources.

Contrary to expectations, our experimental findings showed that
YOLOvV3 surpassed YOLOVSI in terms of accuracy. Notably, despite its
compact design, YOLOv5s demonstrated superior performance
compared to the more intricate, densely-layered design of YOLOv5I
when applied to a small-scale dataset. While the detection performance
on the MS COCO dataset ranked YOLOv5I > YOLOv5s > YOLOvV3, our
specific case yielded a ranking of YOLOv5s > YOLOv3 > YOLOV5I
(Fig. 9). Mahmood et al. (2020) investigation into YOLOv3 revealed that
supplementing with a moderate number of synthetic images (e.g., 100,
250, or 500) to account for object occlusion enhanced mAP values.
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Fig. 7. Learning trajectory as a function of dataset parameters: YOLOv3 (a) Precision; (b) Recall; (c) mAP,s; YOLOv5s (d) Precision; (e) Recall; (f) mAPys; and

YOLOVS5I (g) Precision; (h) Recall; (i) mAPg s.

However, introducing an excessive number (e.g., 500) of synthetic im-
ages led to diminished mAP 5 values. Our results mirrored this trend,
indicating that both YOLOv3 and YOLOvV5s yielded superior F1-score
(Table 1) and class mAPg 5 performance (Table 3) when trained on
less voluminous datasets. The discrepancy in performance could be
attributed to the nature of the training datasets. The MS COCO dataset is
an expansive collection comprising 330K images and 1.5 million in-
stances, predominantly sourced from general daily-life images. In
contrast, our dataset specifically captures sightings of wild green sea
turtles at Little Liugiu Island. Additionally, the trained weights based on
our two datasets were YOLOv5s (14.8 MB), YOLOv5I (93.6 MB), and
YOLOv3 (246.3 MB). A reduced trained weight indicates fewer
computational parameters, ensuring efficient hardware and energy
usage during calculations. Balancing performance accuracy and effi-
ciency, we have chosen YOLOvV5s for deployment in our online Al
service.

4.3. Al service and user experience

Real-time information on sea turtle sightings along the island’s
coastline is indispensable for tourist operators conducting ecotourism
and instructors overseeing environmental education programs. Our Al
service, optimized for real-time use, provides tourists with an enhanced
coastal exploration experience. By utilizing their smartphones, tourists
can capture images of green sea turtles along the shoreline and instantly
receive identification results from the AI detection service. This service
is built on the YOLOv5s model, trained on a specialized two-class
dataset, and boasts an impressive class mAPq 5 of 96.2% and 93.1%.
Remarkably, it can discern between the young red-patterned and the
older marble-patterned green sea turtles.

Such immediate, in-situ identification enriches the experience of
first-time visitors and users, making encounters with sea turtles in their

natural setting all the more memorable. Beyond simple identification,
the ability of the Al service to differentiate between younger and older
sea turtles provides users with a deeper, more informative interaction,
elevating their overall experience.

Tour operators can capitalize on this digital service to tailor educa-
tional and tour agendas, motivating visitors to actively engage in
observing the green sea turtle community. Once tourists snap pictures of
wild, free-roaming green sea turtles that are subsequently identified and
annotated by the AI system, they can broadcast these images on their
personal social media platforms. Such shared experiences not only
amplify their personal digital travel journey but also bolster the pro-
motion of green sea turtle ecotourism (Lamb, 2019). While in pursuit of
capturing these moments, tourists are naturally deterred from activities
that might startle or deter the sea turtles. This promotes conservation
education objectives and alleviates the strain on wildlife protection
enforcement.

Al-powered automation systems, commonly used in marine envi-
ronments for tasks such as monitoring catch or discard speeiesspeci-
mens, often rely on fixed cameras. These setups facilitate a side-by-side
comparison of Al model performance with human observations (van
Helmond et al., 2017; Alvarez-Ellacuria et al., 2020; van Essen et al.,
2021). However, the task of comparing our Al model’s precision to
human evaluations becomes complex, particularly when the platform is
open to the public. This Al service further constrains our oversight of
user-submitted imagery. Still, we can track the outputs at the
server-side. Notably, several submissions included cartoons and mural
artworks that our system incorrectly identified as genuine green sea
turtles (Fig. 10d). Such erroneous outputs are termed "AI hallucina-
tions", scenarios where Al systems generate realistic but incorrect or
fictive results (Goodfellow et al., 2015). Conversely, certain users pur-
posely uploaded inappropriate images, aiming to challenge the AI's
detection capabilities, highlighting their intrigue in AI's detective
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Table 3
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The instance mAP, 5 scores and average class mAP, 5 scores of various YOLO models as a function of class annotation
settings. The plus and minus symbols indicate an increase or decrease in the mAP 5 scores when the number of instances

was added.
class Single-class-setting Two-class-setting Three-class-setting
number
Neural | GreenTurtl redGT/you _ marbleGT/ _ redGT/you marbleGT/ GreenTurtl
model  "oaneeS o g ng 2 elder_2 ng_3 elder 3 oronces e3
685 98.3% 481 98.0% 212 95.6% 279 90.1% 202 91.5% 221 96.8%
YoLov3 + - - - +
1287 98.7% 678 94.5% 609 97.1% 417 89.4% 502 88.4% 368 97.5%
YOLOvSs 685 99.0% 481 96.2% _ 212 931%, 279 86.2% _ 202 913%_ 221 98.3%_
1287 99.1% 678 93.3% 609 94.3% 417 89.9% 502 83.3% 368 98.2%
YoL0us! 685 98.2% , 481 92.6% , 212 87.9% , 219 87.9% , 202 82.6%, 221 93.5%,,
1287 98.6% 678 93.1% 609 95.6% 417 89.2% 502 79.9% 368 98.6%
average 98.6% 94.6% 93.9% 88.8% 86.2% 97.2%
(a)

Fl-score mAPO0.5 mAP0.5:0.05:0.95
averase YOLOV3 ~ YOLOv5s  YOLOvSl  YOLOV3Z  YOLOvSs ~ YOLOVSI  YOLOV3  YOLOvSs  YOLOVSI
instances/class

1462image 1 class 1287 97.2% 97.5% 96.6% 98.6% 99.1% 98.6% 72.9% 72.3% 66.0%
781limage 1 class 685 98.0% 97.9% 95.5% 98.3% 99.0% 98.2% 67.7% 65.7% 59.4%
1462image 2 class 644 90.3% 91.4% 89.6% 90.8% 93.8% 94.3% 64.9% 66.8% 61.3%
1462image 3 class 429 86.1% 87.2% 85.7% 87.2% 90.5% 89.2% 63.4% 63.4% 54.2%
781limage 2 class 347 88.8% 90.7% 87.4% 90.2% 94.6% 90.2% 57.2% 59.2% 53.6%
781limage 3 class 234 89.7% 88.9% 85.2% 91.8% 91.9% 88.0% 57.8% 58.8% 51.6%
(b) (c) (d)
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Fig. 8. Performance indicators for all experiment scenarios in this study: (a) Performance comparison of YOLOv3, YOLOv5s, and YOLOV5]; (b) F1-score, (c) mAPg s,

and (d) mAPy 5.0.05:0.95-

potential. From a user experience perspective, pinpointing entities that
resemble sea turtles, albeit mistakenly, trumps a non-responsive system.
Importantly, upon manual annotation, these user-contributed images
evolve into invaluable assets for refining future Al model training and
accuracy. Additionally, these user submissions offer a treasure trove of

insights into human-green sea turtle interactions, encapsulating details
like capture timestamps and GPS coordinates. Such data could poten-
tially uncover the temporal and spatial distribution patterns of the green
sea turtle population, warranting further exploration and research.
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Fig. 9. Boxplot of Fl-score, mAPy s, and mAPy s.0.05:0.05 based on all experi-
ment results using YOLOv3, YOLOvV5s, and YOLOV5I.

4.4. Conservation implications

Our study demonstrates the significant impact of integrating Al deep
learning, particularly the YOLOv5s model for real-time image recogni-
tion, in marine conservation efforts. By utilizing this technology, we
transform tourists from passive observers into active participants in
conservation. The implications of this engagement are threefold.

(1). Educational Impact: The Al service enables tourists to identify
and learn about green sea turtles in their natural habitat. This
interactive experience not only educates but also increases
awareness, fostering a deeper appreciation for marine life. We
contend that such informed and engaged tourists are more likely
to support and actively contribute to conservation initiatives.

Behavioral Change: Our approach promotes a non-intrusive way
to interact with marine life, aiming to curb harmful tourist be-
haviors like touching or chasing turtles, which can cause stress
and injury to these creatures. By encouraging more responsible

(2).

Have you seen and photoed
green sea turtle?

538

M FERE 12211638206

Marine Turtle Detection
A

#3088 Sea Turtle found
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ecotourism practices, we aim to reduce the negative impact on
marine wildlife.

Data Collection and Monitoring: Tourist-captured photographs
serve a dual purpose: enhancing the visitor experience and
contributing to a valuable database of turtle sightings. This
crowdsourced approach aids in monitoring turtle populations’
health and distribution, offering essential insights for both con-
servationists and researchers.

3.

In short, leveraging advanced technology in this manner not only
enriches the tourist experience but also plays a crucial role in the
broader context of marine conservation.

5. Conclusions

In this research, we pioneered a green sea turtle conservation
approach for tourists by integrating Al object detection algorithms. Our
comprehensive methodology spanned from field image collection and Al
training to the evaluation of three YOLO neural models (YOLOV3,
YOLOV5s, YOLOV5]), culminating in the system’s practical deployment.
We discerned that the model training outcomes were markedly shaped
by both the volume and the diversity of the training images. While a
dataset exceeding 220 varied images typically yielded promising results,
a disproportionately extensive dataset with redundant content might
inadvertently compromise the neural model’s efficacy. It’s pivotal to
understand that for YOLO models, merely adopting a recent version or a
model with augmented neural layers, especially with a limited training
dataset, doesn’t unequivocally translate to enhanced performance.
Rather, the detection efficacy is intrinsically linked to the representation
of various object sizes in the images, encompassing small, medium, and
large specimens. Given its broad applicability, our research paradigm,
centered on refining Al training datasets and algorithms for green sea
turtle detection, promises immense potential for conserving marine
turtles.

Our study reveals that smaller datasets with high diversity in rep-
resentations—capturing various angles, environment conditions, and
scales—can be more effective for training robust models than merely
larger data volumes. This is particularly pertinent for management
bodies with resource constraints, as it suggests that investing in quality
and diversity of data, rather than quantity, leads to cost-effective and
feasible data collection strategies. This finding is invaluable for
ecological and conservation efforts, guiding managerial bodies to
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Fig. 10. The architecture and information flow of Al detection service for green sea turtles detection. (a) Images are sent as queries via user interface API, (b) then
upload to Al neural model for green sea turtle detection. (c) Identification results are sent back to users through user interface API, and all queries and results are

stored on servers, (d) examples of detected images uploaded by various users.
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develop efficient Al tools that are effective even with the challenges and
expenses associated with extensive data gathering in marine biology.
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Abstract: Marine biodiversity underpins the formation of marine protected areas (MPAs), neces-
sitating detailed surveys to account for the dynamic temporal and spatial distribution of species
influenced by tidal patterns and microhabitats. The reef rock intertidal zones adjacent to urban centers,
such as Taiwan’s Cape Santiago, exhibit significant biodiversity, yet they are increasingly threatened
by tourism-related activities. This study introduces an artificial intelligence (AI)-empowered citizen
science (CS) approach within the local community to address these challenges. By integrating CS
with Al, we establish a hybrid intelligence (HI) system that conducts in situ biological surveys and
educational programs focused on reef ecological conservation. This initiative not only facilitates the
collective gathering and Al-assisted analysis of critical data but also uses machine-learning outputs to
gauge data quality, thus informing subsequent data collection and refinement strategies. The resulting
collectivity and iterative enhancement foster a mutual and continuous HI learning environment. Our
HI model proves instrumental in fostering community engagement and public involvement in CS
check for endeavors, cultivating the skills necessary for documenting rocky intertidal biodiversity shifts. These
updates efforts are pivotal for informing the design and governance of future MPAs, ensuring their efficacy
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1. Introduction
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Y Coastal regions, including the marine littoral zone, are biological powerhouses [1].
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to sustaining ecological balances while also being focal points for economic, social, and
recreational engagements [4].
- However, the allure of these regions is both their strength and vulnerability. The
recent upsurge in coastal tourism and its resultant economic windfall for local regions [5,6]
draw legions of tourists. Urban inhabitants, especially, are enchanted by the serene coastal
landscapes [7] and the prospect of close encounters with marine fauna. Yet, this very
attraction coupled with activities like marine organism harvesting and heedless trampling
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walking over tide pools or curiously overturning rocks, inflict lasting ecological scars. The
cascading effects of such disturbances manifest in dwindling algal populations, impacting
both fleshy and coralline types [11], and in the perceptible strain on marine entities, like
echinoderms [12], mollusks [13,14], and crustaceans [15].

The Anthropocene epoch, marked by significant human impact on the Earth’s biophys-
ical systems, has led to intensified pressures on coastal regions due to population growth,
urbanization, and climate change [16]. This has notably affected rocky intertidal ecosys-
tems with human interaction evolving from fishery exploitation to recreational activities
like adventure tourism [17]. A multifaceted coastal management approach, incorporating
diverse strategies from legal to educational, is essential to mitigate environmental impacts
and encourage societal participation [18]. Additionally, the largely unexplored marine
domain presents opportunities for marine citizen science (MCS). MCS plays a crucial role
in filling research gaps and enhancing global marine conservation efforts [19,20]. It pro-
vides cost-effective, robust data that inform policy decisions [21,22] while increasing public
science literacy and community engagement in marine issues [23-25] from cetacean con-
servation [26,27] to addressing plastic pollution [28], thereby enabling community-driven
initiatives to transform research into effective policies [29,30].

At the heart of this movement is the citizen science (CS) research methodology that
enlists the general public in data collection, categorization, or scientific analysis [31]. Histor-
ically, it has been instrumental in various marine research undertakings. Notable projects
include monitoring reef fish ecosystems [32], tracking queen conch species populations [33],
discerning seagrass bed dynamics [34], and mapping the distribution patterns of marine
litter [35,36]. The unique advantage of CS in marine projects lies in its capacity to amplify
the spatial and temporal scope of studies [37,38].

Yet, the integration of projects/research with CS is not without challenges. Concerns
often center on the data quality when gathered by non-professionals, especially for intricate
biodiversity datasets, which could potentially impede their application [39]. Nevertheless,
recent innovations offer solutions. As highlighted by Earp et al. [40], implementing strin-
gent protocols, ensuring thorough training, and adhering to meticulous data verification
processes can elevate the data’s quality. With such measures in place, data sourced from
citizen scientists can rival if not match those procured by their professional counterparts,
as evidenced in their intertidal algae ecology experiment.

ATl has been employed to augment and enhance human understanding of the environ-
ment, including perceptions of citizen scientists [41]. While CS and Al are often viewed
as separate tools for ecological monitoring, recent studies indicate that a symbiotic rela-
tionship between human intelligence and Al, termed hybrid intelligence (HI) [42,43], can
strategically unite the two, enhancing outcomes for conservation activities. By pairing the
public engagement benefits of CS projects with the sophisticated analytical prowess of Al,
there is the potential to foster greater multi-stakeholder consensus on matters of public [44]
and scientific importance. Moreover, the integration of both methodologies can expedite
data collection and processing relative to traditional scientific approaches, indicating a
promising avenue for accelerated monitoring and conservation efforts [45].

Cape Santiago, located on Taiwan Island’s easternmost point near Taipei, is at the
intersection of the Kuroshio and longshore currents. Named by Spanish explorers 400 years
ago, its 4.86 km coastline features wave-cut benches and rocky shores and is home to the
small Magang fishery harbor community. With declining fishery resources driving youth
to the cities, the local government, aiming to boost tourism, built a bicycle route to the
coast in 2011. However, the influx of tourists engaging in harmful activities like capturing
marine specimens has raised concerns about the impact on biodiversity and the coastal
environment. The Cape Santiago Culture Development Association (SDCDA) was formed
to protect the fishery village culture and marine ecosystem. Legally, Cape Santiago’s coast
is an “Ocean Resource Protected Area” under the Urban Planning Law [46], restricting
construction but not specifically addressing environmental harm.
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Acknowledging the existing shortcomings in marine ecological conservation, the
Ocean Affairs Council introduced the Marine Conservation Act proposal in 2019 [47]. Draft
article 7 of this act empowers management authorities to designate coastal regions with
significant biodiversity that require special protection as marine sanctuaries. They are also
mandated to implement management measures such as ecological monitoring, as detailed
in draft article 6. Thus, the SDCDA is advocating for the wave-cut bench on the western
side of the fishery harbor to be recognized as a strictly regulated marine protected area.
This designation would facilitate the management of environmentally detrimental actions
under the Marine Conservation Act. The scientific assessment of biodiversity along this
coast will be a crucial factor in determining if the area qualifies as a marine protected
zone. The community members are unified in their stance and are mobilizing volunteers
for coastal biodiversity CS surveys. Before furnishing the necessary scientific data to
legislative bodies for the inclusion of this area as a marine protected zone, it is imperative to
proactively educate tourists on the coastal ecosystem. This initiative aims to teach visitors
the importance of marine conservation, discouraging activities that can harm marine life
and the environment.

This study aims to assist the SDCDA in employing a CS project and Al for the conser-
vation of Cape Santiago’s intertidal biodiversity. This study has set the following objectives:

1. Create a spatiotemporal biodiversity database for the benches of Cape Santiago;

2. Assess the performance of the Al model, the data contributions from CS, and the
overall impact of the collaboration;

3. Formulate an HI framework that merges CS and Al, targeting continuous monitoring
and environmental education.

2. Methods
2.1. Study Area and the Citizen Scientist Project

The study area of this paper is located on the northwest side of the Cape Santiago
coastline, specifically focusing on a wave-cut bench, termed the Santiago bench. This bench
spans approximately 160 m in length and 70 m in width (Figure 1). The primary aim of the
survey is to identify and document target marine organisms within this predefined area.

To evaluate the potential marine protected areas (MPAs), the Ocean Consecration
Administration (OCA) conducted biodiversity assessments at 67 rocky shores spanning
Taiwan’s main island and its surrounding islands [48]. They utilized transect line and
quadrat methodologies to assess marine species richness, biomass, and a range of envi-
ronmental factors, including the impacts of sewage outfalls, man-made facilities, tourist
activity, siltation levels, and the abundance of rock pools. By integrating both biodiversity
and environmental indicators, the OCA determined the conservation priorities of these
67 rocky shores. Among the surveyed locations were four sites at Cape Santiago, including
Santiago bench, Lai-Lai-1, Lai-Lai-2, and Lai-Lai-3. Notably, the Lai-Lai-2 site, located at
the southeastern edge of Cape Santiago, showcased the greatest marine species diversity.
Along with the neighboring Lai-Lai-3 site, both were identified as having the highest
conservation value, as reported in the OCA'’s pilot survey [48].

The participants in the CS project were recruited by the SDCDA and underwent a
comprehensive 16 h training session. This training workshop, conducted by the authors
in collaboration with marine experts, encompassed topics such as rocky shore ecology,
macrobenthos species identification (Table 1), Al training procedures, survey assistance
methods, and environmental education. To enhance their training, materials from a prior
survey compiled from the author’s dataset [49] that identified 13 phyla and cataloged
234 marine species, including a new marine flatworm species [50], were provided, com-
plemented by images of each species previously documented in the region. The main
responsibilities assigned to the CS participants were twofold: data collection through field
surveys and public education regarding the intertidal environment.
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Figure 1. Location of the study site at Cape Santiago with its position within Taiwan highlighted
(inset) and the three survey lines conducted by the OCA.

Table 1. The structure of the macrobenthos in the study area of marine species of Santiago bench.

Kingdom Phylum Common Names Species Numbers
Porifera Sponges 8
Bryozoans, Moss
Bryozoa Animals 4
Mollusca Cowries, Chitons, Sea 7
. . Slugs, Octopuses, Oysters
Animalia Crabs, Shrimps
Arthropoda ! ’ 22
Barnacles
Annelida Segmented Worms 8
Coelenterate Corals, Sea Anemones, 10
Jellyfishes
Echinoderms Sea Stars, Sea Urchins, 27
Sea Cucumbers
Nemertina Ribbon Worms 2
Platyhelminthes Flatworms 8
Tunicates, Vertebrates,
Chordata Fishes, Sea Snakes 3
Chlorophyta Green Algae 9
Plantae Rhodophyta Red Algae 19
Chromophyta Brown Algae 6

The survey protocol, derived from the Ocean Consecration Administration’s (OCA)
transect line method, required two individuals to methodically search and document
marine species along a designated transect line, spanning from the high tide zone to the
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low tide area of the shore. The survey procedure was conducted by volunteers who had
previously received a CS training workshop. During the survey, the participants followed a
pre-set route marked by the transect line, photographing all marine specimens encountered
and recording the quantities of specific target species on survey forms. Following the
survey, the collected data and images were systematically compiled and uploaded to create
a comprehensive training dataset for future artificial intelligence (Al) training sessions.

2.2. Training Al Model and Al Performance Evaluations

The convolution neural network (CNN) is a cornerstone in Al models for image pattern
extraction and recognition [51]. R-CNN and YOLO, both built on the CNN framework,
can distinguish various objects within an image [52,53]. The YOLOv5s [54] model was
chosen for this study because of its high calculating speed and accuracy in detecting marine
life in natural settings. YOLOV5s, being a deep-learning approach in machine vision,
requires comprehensive training on an extensive image dataset to perform optimally [55,56].
The images of organisms from the participants’ field survey dataset were meticulously
identified and annotated as ‘instances’ using the open-source Python program labellmage
(https://github.com/HumanSignal/labellmg, accessed on 10 July 2022). Each instance
was marked as a bounding box with its location, size, and common name within the image.
Effective Al recognition of a particular specimen necessitates a substantial image database
for that specimen, typically comprising 200 or more instances, as per our experience.
Consequently, species that are commonly observed at the research site are usually selected
for Al training. To keep participants engaged, we also include a selection of rare target
species, like sea hares and blue-ringed octopuses, encouraging participants to search for
and document these less frequently encountered organisms. These annotated images were
then compiled into a training dataset for YOLOv5s. All datasets were randomly split
with 80% allocated for training and 20% for validation. Training was conducted on Linux
desktop computers equipped with an RTX3090-24G GPU, using hyperparameters that
encompassed a pre-trained weight, a training batch size of 32, an image resolution of
800 x 800, and a learning epoch of 200.

Two primary tasks need to be executed by a trained Al model. The first involves
identifying target species instances from an image, while the second requires the accurate
prediction of the specific species” common name, distinguishing it from other species.
The Al model’s predictions for any given specimen can be categorized into four possible
outcomes:

4. Correctly identifying the actual species—true positive (TP).

5. Accurately recognizing a species other than the target—true negative (TN).

6. Missing the identification of the actual species—false negative (FN).

7. Incorrectly labeling a different species as the target species—false positive (FP).

The outcomes of distinguishing between various species can be depicted in a two-
dimensional table, commonly referred to as a confusion matrix. In this matrix, the actual
species are represented on the x-axis, while the predicted species appear on the y-axis
(refer to Figure 2). The overall model’s performance was assessed using Equations (1), (2),
and (4):

recision = 7TP 1)
P T TP FP
TP
— - 2
recall TP+ EN (2)

To calculate the ratio of the area in the predicted instance bounding box B, overlapping
the area of the actual ground truth box By, the intersection of union, IoU, formula is used
as follows:

_aera |Bp N Bgt|

10U = o |Bp U Bgt| ®)
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The mAP( 5 Equation (3) measures the averaged precision value of all the cases when
the IOU is 50% threshold area overlap.

mAPy5 = %Z?:l AP apegory i when IoU_threshold = 0.5 4)
species A | species B | species C
1 )
species A AA AB FP AC
s _
o
8 ) ™
- | species B BA BB BC
Q
ks
E FN TN
o
species C CA CA CC
\ )|\ /

Actual Species

Figure 2. An example of a 3 X 3 multi-class confusion matrix with actual species as x-axis/row grids
and predicted species as y-axis/column grids. While focusing on class A, the AA grid is true positive,
TP, the rest of the row grids are false positive, FP, the rest of the column grids are false negative, FN,
and the rest of the grids except all above grids are all true negative, TN.

2.3. Hybrid Intelligence Criteria for CS and Al Synergy

To investigate the potential synergy between CS and Alin forming HI, we adopted the
operational definition of hybrid intelligence (HI) from [57], which is based on three criteria:

8.  Collectiveness: This emphasizes the collaboration between humans and Al with the
aim of collectively addressing a task to achieve a system-level goal. It is acknowledged
that individual agents might have sub-goals that deviate from the overarching system
objective.

9.  Solution Superiority: This asserts that the combined sociotechnical system, which
includes both humans and Al, produces results surpassing what individual agents,
whether human or Al, could achieve independently.

10. Mutual and Continuous Learning: The system shows consistent improvement, both
collectively and at the individual component level (human and Al). This continuous
enhancement signifies persistent learning and development from both parties.

3. Results
3.1. Survey Protocols

Initially, the survey protocol was adapted from the OCA’s methodology [48]. This
approach involved setting up 10 transect lines on the Santiago bench within the determined
survey zone. The survey groups, each comprising two members, aligned with these lines.
Therefore, a total of 10 groups worked in tandem, collecting data and photographs for Al
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training. The primary objective was to document the time and spatial occurrence of marine
species. Upon implementation, some challenges with the original proposal survey protocol
(PSP) (Figure 3a) became apparent. Some species, like the sea hare, were absent during
the summer surveys. Considering the route’s dual function as a prospective educational
pathway, a looped configuration was determined to be more suitable than a linear design.
This feedback led to the development of an adaptive survey protocol (ASP). The pivotal
change in the adaptive survey protocol involved the survey route. Instead of traversing
directly from the shore to the sea, the route now followed grooves (GRV) parallel to the
coastline. These grooves acted as paths that led to four tidal pools (TP) and four grooves
(GRV). This revised protocol offered flexibility in group sizes, and the teams could now
conduct their surveys asynchronously, adhering to the predetermined route (Figure 3b).

Figure 3. The survey transect routes of different survey protocols. (a) The routes of ten transect lines
(TSL) of the proposed survey protocol (PSP), and (b) a loop comprised of 4 grooves (GRV) and 4 rock
pools (RP) of the adaptive survey protocol (ASP).

The survey data are categorized based on both temporal and spatial factors. Temporal
data capture the season during which the survey was conducted, categorized into spring
(SP), summer (SU), autumn (F), and winter (W). The surveys were uniquely timed to
coincide with low tide moments, allowing for the CS participants to access the exposed
bench. Spatial data are differentiated based on tide levels: high tide level (HTL) and low
tide level (LTL). As the tide recedes and the Santiago bench is unveiled, areas retaining
water in depressions are labeled as LTL, while areas showcasing organisms above the water
surface are designated as high water level (HWL). These designations aid in recording the
spatial distribution of marine organisms (Figures 4a and 5a).

3.2. Proposal Survey Protocol and Al Training

From the proposed survey protocol, we garnered a collection of 1301 photographs
that showcased nine distinct marine species, complete with their spatial and tempo-
ral distribution. The total annotated instances across all specimens amounted to 2643
(Figure 4a). Utilizing this dataset, we trained the PSP YOLOv5s neural network, achieving
a performance marked by a precision of 0.96175, recall of 0.93533, and mAP_0.5 of 0.95485.
An examination of the confusion matrix indicated high true positive (TP) values for almost
all species. Notably, barnacles and oysters registered TP values of 0.83 and 0.87, respectively.
All other species achieved impressive TP values exceeding 0.97 with some even reaching a
perfect score of 1.0 (100%) (Figure 4b).
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(b)
AO_S_hare 0.07
(a) AJ_S_hare 0.01
Instance
Phylum Common names Scientific names Spatial Temporal numbers AK_S_hare
Mollusca Eye Spot Sea Hare Aplysia oculifera HWL W, SP, F 499
Julian Sea Hare Aplysia juliana HWL W, SP, F 210 TS_A_barnacle 0.68
Kurodai Sea Hare Aplysia kurodai LWL W, SP, F 112
Rock Oyster Saccostrea mordax HWL W, SP, SU, F 205 3 MB_Oyster 0.11
Cowrie Cypraea annulus LWL W, SP, SU, F 276 g
Blotched Nerite Nerita albicilla HWL W, SP, SU, F 312 & a Cypraea 0.03
Blue-Ringed Octopus Hapalochlaena cf. fasciata LWL SU, F 145
Arthropoda Flat Rock Crab Percnon planissimum HWL SU, F 72 NA_Narita 0.11
Barnacle Tetraclita kuroshioensis HWL W, SP,SU, F 812
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Figure 4. (a) Displays the species common name, scientific name, spatial distribution (high water
level (HWL) or low water level (LWL)), temporal distribution (spring (SP), summer (SU), autumn
(F), winter (W)), and instance number of 9 species collected and used for training YOLOv3 following
adaptive protocol surveys conducted by CS participants. (b) Shows the confusion matrix true positive
(TP) results for different species classes.

(a)
Kingdom Phylum Common names Scientific names Spatial Temporal I:::EZ?
Chitons Liplophura sp. WL W, SP, F 195
Pyramid Periwinkle Nodilittorina pyramidalis HWL W, SP, F 737
Eye Spot Sea Hare Aplysia oculifera HWL W, SP, F 489
Julian Sea Hare Aplysia juliana HWL W, SP, F 210
Kurodai Sea Hare Aplysia kurodai LWL W, SP, F 112
Mollusca Rock Oyster Saccostrea mordax HWL W, SP, SU, F 205
Cowrie Cypraea annulus LWL W, SP,SU, F 276
Blotched Nerite Nerita albicilla LWL W, SP,SU, F 312
Blue-Ringed Octopus  Hapalochlaena lunulata LWL SU, F 145
Potamidids Batillaria sp. HWL W, SP, F 1266
Sea Roach Ligia taiwanensis HWL SUF 478
Animalia Swimming Crab Thalamita prymna LWL W, SP,SU, F 275
Pebble Crab Eriphia ferox HWL W, SP,SU, F 202
Arthropoda
Xantho Crab Xantho sp. LWL W, SP,SU, F 192
Flat Rock Crab Percnon planissimum HWL SU, F 72
Barnacle Tetraclita sp. HWL W, SP,SU, F 804
Black Sea Cucumber Holothuria atra LWL SU, F 295
Echinoderms
Brittle Star Ophiocoma dentata HWL W, SP,SU, F 213
Goby Bathygobius cocosensis LWL W, SP,SU, F 632
hord Crescent Grunter Terapon jarbua LWL W, SP, SU, F 298
Chordata Damsel Fish Abudefduf sexfasciatus LWL W, SP,SU, F 221
Tunicates Polycitor cf. proliferus LWL W, SP, F 512
Porifera Sponges Callysponia sp. LWL W, 3P, SU, F 267
Chlorophyta Sea Lettuce Ulva lactuca HWL W, 5P F 640
Rhodophyta Red Coral Algae Corallina pilulifera LWL SuU, F 301
klantae; Chromophyta  Sargassum Seaweed Sargassum sp. LWL SP,SU, F 781
Ballweed Colpomenia sinuosa LWL SP,SU, F 280

Figure 5. Cont.
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Figure 5. (a) Displays the species common name, scientific name, spatial distribution (high water
level (HWL) or low water level (LWL)), temporal distribution (spring (SP), summer (SU), autumn (F),
winter (W)), and instance number of 27 species collected and used for training YOLOv3 following
adaptive protocol surveys conducted by CS participants. (b) Shows the confusion matrix true positive
(TP) results for different species classes. The darker color shows the higher TP accuracy.

3.3. Adaptive Survey Protocol and Al Training

Based on the integration of the ASP and the earlier PSP, we obtained a comprehensive
collection of 5461 photographs that depict 27 distinct marine species. This dataset not only
showcases the spatial and temporal distribution of these species but also includes a total
of 7729 annotated instances (Figure 5a). Leveraging this enriched dataset, we trained the
ASP YOLOv5s model, which yielded a performance evaluation with a precision of 0.87412,
recall of 0.85843, and mAP_0.5: of 0.8707. A deeper dive into the confusion matrix, post
enhancement of instance and species counts, revealed that the true positive (TP) values
for species like red coral algae (Corallina sp.) and tunicates were the lowest, registering at
0.56 and 0.57, respectively. Notably, most of the species TP values from the PSP remained
unchanged. The earlier low TP values observed in the PSP dataset for barnacles and
oysters showed slight improvements, rising from 0.83 to 0.84 and 0.87 to 0.90, respectively
(Figure 5b).

3.4. Deployment of Al for In Situ Identification

An application program interface (API) was developed using the Python programming
language to facilitate a web-based interface (Figure 6). This interface hosts the trained Al
model dedicated to marine specimen recognition and is stationed on a cloud server for
efficient specimen identification tasks. Crafted with the intent to aid the CS participants
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during surveys or environmental educational endeavors, this tool proves invaluable in
real-time specimen identification. On encountering marine organisms in their natural
habitat, users can snap photos using their mobile devices and promptly upload them for
instant Al-based identification. Upon receiving the image, the API communicates with the
Al'model to carry out the recognition process, subsequently relaying the results back to the
user (Figure 7). This streamlined process greatly enhances the efficiency and accuracy of
specimen surveys and educational activities.

| —" Marine Al for Cape Santiago

o)
... pe E et S
Al detection for Intertidal Marine Species

Take photo of marine species you found

Select Photo

List of Detected Species

e
Flat Rock Crab

Periwinkle Eye Spot Sea Hare Blue-Ringed Octopus

Figure 6. The program interface API incorporates an Al recognition service. Users can utilize the
provided Al recognition capabilities to search for organism in the field. When they encounter a
suspected specimen (pictures listed below as a guide), they can capture a photo and upload it from
their mobile phones to the server to request Al identification.
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Figure 7. Examples of Al-identified specimen instances: (a) 4 blotched-nrites, 1 cowrie, and 1 rocky
oyster, (b) 1 eye spot sea hare, (c) 2 flat rock crabs, (d) 2 sea lettuce, (e) 10 barnacle shells, (f) 1 blue-
ringed octopus.

4. Discussions
4.1. Adaptive Survey Protocol for Rocky Intertidal Biodiversity

The Ocean Conservation Administration’s proactive survey [48] initiative aligns with
the prescriptive Marine Conservation Act draft, aiming to foster a deeper understanding
of Taiwan’s extensive coastline, spanning approximately 1600 km, including the rocky
intertidal ecosystems. Among the 67 identified survey sites, each was meticulously assessed
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for environmental and biological diversity. This assessment entailed a 60 m transect-line
study from the high tide to the low tide mark, where researchers diligently documented
observable marine species within a 60 min timeframe. Complementary to this, quadrat
photographs were used to further analyze species presence and abundance.

However, the photographic method within the quadrat has its limitations, primar-
ily disturbing mobile species, which may lead to an underrepresentation of non-sessile
organisms. This method also struggles with capturing seasonal biodiversity variations,
as demonstrated with the surveys conducted in early July at Cape Santiago. Seasonal
dynamics, such as the absence of green algae due to summer conditions, could significantly
skew the diversity index, omitting critical faunal dependencies.

The geological complexity of Cape Santiago’s intertidal zones with its pits, grooves,
crevices, and rock pools inherently impacts marine biodiversity. The intricate structures
provide a multitude of microhabitats that support a rich array of life [58]. Davidson
et al. [59] found that the diversity in mobile taxa can be twice as high as that in sessile
taxa with sessile organisms presenting far greater abundance. This indicates that Cape
Santiago’s biodiversity is likely to exhibit considerable spatial and temporal variations that
are influenced by monsoons, tides, water temperature, and sunlight exposure.

Addressing the spatial-temporal complexities and survey feedback from the CS par-
ticipants, the adaptive survey protocol (ASP) was designed to overcome the limitations of
the OCA transect-line method. It aims to prevent trampling damage to microhabitats by
modifying survey routes to a single track along bench crevices (Figure 3), allowing for the
CS participants to survey at their convenience, including nighttime. This flexible approach
expands the spatial-temporal scope of data collection, which is essential for monitoring
biodiversity changes.

4.2. Synergic Learning between CS and Al

In this study, a collaborative learning system that integrates CS and Al has been
established. This system enables a symbiotic learning relationship where AI benefits from
human-generated data and humans refine their knowledge through Al feedback, promoting
mutual learning over extended periods. The flow of information and learning is illustrated
in Figure 8. The CS participants, through workshops focusing on specimen identification
and Al training, improve their skills and are, thus, able to contribute more effectively. They
collectively gather extensive image datasets, 1301 images from PSP and 5461 images from
ASP (shown in Figure 8c), which are crucial for effective PSP and ASP YOLOv5s model
training. The outcomes of the training then provide insights, 0.96175 precision for PSP
and 0.87412 precision for ASP, into the collective data quality of different survey protocols
(Figure 8d).

Utilizing an online Al tool, the CS participants enhance the Al’s identification capa-
bilities through real-time data provision. This iterative process may refine the YOLOv5s
model, which is our offline solution algorithm (offSA) that, after rigorous training using
images from CS activities, is now operational on a server (Figure 8e). A user-friendly
interface (Figure 6) has been established to streamline access to the online solution algo-
rithm (onSA), serving both the CS participants (CSPs) and tourists engaged in educational
programs (Figure 8a). The interface offers instant identification results (Figure 8b) and is
integral to data collection for continuous Al training. This strategic implementation forms
a dynamic feedback loop with data from queries contributing to successive training cycles,
progressively enhancing the Al model’s accuracy (Figure 8a,f).
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CS tasks: Biodiversity Survey and Environmental Education
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collective level” adapted from Ref. [43]. Please refer to the accompanying text for details.

A crucial aspect of citizen science (CS) projects is maintaining data quality, a task
complicated by the varied experience levels of the contributors [60-62]. This study shifts
from individual to collective intelligence evaluations using Al model performance as a
proxy for data quality assessment. Participants engaged in PSP may question whether their
dataset of 1301 images with 2643 annotations sufficiently trains the PSP YOLOv5s model.
The AI’s performance, precision of 0.96175, recall of 0.93533, and mean average precision
(mAP_0.5) of 0.95485, suggests robust training efficacy. Similarly, those conducting ASP
with 5461 images and 7729 annotations must consider if their dataset is adequate. The
ASP model’s results, precision of 0.87412, recall of 0.85843, and mAP_0.5 of 0.8707, pose
questions about disparities in performance. An inquiry arises: What factors contribute to
these differences, and can the ASP model achieve the PSP model’s level of accuracy?

Through confusion matrix analysis, the research evaluates the dataset quality for
different models. Table 2, derived from the confusion matrices (Figures 4 and 5), details
instances and their corresponding true positives (TP) recognized by the models. Certain
species, such as the red coral algae (Corallina sp.) and tunicates, exhibit TP values that
do not meet the desired standard. Despite their substantial representation in the training
dataset with 301 and 512 instances, respectively, they achieved TP values of only 0.56 and
0.57. This stands in stark contrast to the Kurodai Sea Hare that, with merely 112 instances
in the ASP dataset, secured a TP value of 0.98 (as shown in Table 2.). This discrepancy
signals a challenge for the Al model in recognizing these specimens accurately, highlighting
a need for improved data quality in both collection and annotation by the CS participants.
Thus, the CS participants learn that data collection and annotation processes require further
enhancement for better Al training outcomes.
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Table 2. The instance amount and true positive (TP) values of different species data collected with
the proposal survey protocol (PSP) and adaptive survey protocol (ASP).

PSP ASP
Common Name - @
Instance Species TP Instance Species TP

Eye Spot Sea Hare 499 0.97 489 0.97
Julian Sea Hare 210 0.98 210 0.98
Kurodai Sea Hare 112 1.00 112 0.98
Barnacle 812 0.83 804 0.84
Rock Oyster 205 0.87 205 0.90
Cowrie 276 1.00 276 0.96
Blotched Nerite 312 0.99 312 0.99
Blue-Ringed Octopus 145 1.00 145 0.94
Flat Rock Crab 72 1.00 72 1.00
Goby NA 632 0.71
Chition NA 195 0.93
Potamidids NA 1266 0.87
Sargassum NA 781 0.79
Sea Roach NA 478 0.75
Crescent Grunter NA 298 0.77
Sea Lettuce NA 640 0.85
Swimming Crab NA 275 0.96
Pebble Crab NA 202 1.00
Xantho Crab NA 192 0.98
Red Coral Algae (Corallina) NA 301 0.56
Ballweed NA 280 0.96
Sponge NA 267 0.89
Tunicates NA 512 0.57
Pyramid Periwinkle NA 737 0.97
Brittle Star NA 213 1.00
Damsel Fish NA 221 0.78

4.3. The Criteria for Developing Hybrid Intelligence

Ref. [57] suggests three criteria for the development of a hybrid intelligence system.
The first criterion, “collectiveness” within the context of HI pertains to the concerted effort
of CS and Al to fulfill a system-level objective. In this study, the YOLO object-detection
model necessitates an extensive array of specimen photographs with annotated instances
for effective model training, a process reliant on the gradual and cumulative data collection
by various CS participants over multiple surveys. Since individual contributions may be
limited due to time constraints and unpredictable specimen appearances, aggregating data
across different times is crucial for capturing species diversity. Al, thus, emerges as a cata-
lyst, unifying the efforts of the CS participants toward a common goal, the comprehensive
documentation of rocky intertidal ecosystem biodiversity.

The second criterion for effective HI is the achievement of “superior outcomes” com-
pared to those possible with CS or Al in isolation. Repetitive surveys and environmental
education tasks are often taxing, potentially diminishing volunteer enthusiasm. However,
the assurance that their diligent survey efforts contribute to Al databases for educational
purposes coupled with the positive feedback received from leveraging Al’s novel technol-
ogy sustain participant motivation and ensure ongoing involvement, a testament to the
project’s operational success.

Lastly, the establishment of “perpetual learning” constitutes the third criterion of HI.
The Al’s confusion matrix serves as a tool for assessing the quality of data for specific
species, encouraging CS participants to persist in their data collection efforts. This ongoing
collection process is not just during formal surveys but also through interactive specimen
identification using Al during educational activities. As data accumulate, they refine
the training dataset, enhancing Al’s recognition capabilities. Moreover, Al becomes an
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invaluable aid for newcomers in CS, facilitating rapid species identification skill acquisition
and perpetuating the educational growth of the entire CS community.

4.4. Al and Citizen Science: A Socio-Technological Synthesis

Our study underscores the importance of not only building an Al model but also
managing the socio-technological integration between Al and CS to ensure the effective
functioning of HI. Inspired by McClure et al. [45], who delineated eight key attributes
critical to CS and Al integration, we delved into these attributes, as they provide a compre-
hensive framework for managing HI systems within our research domain. These attributes
and their complex interrelationships with Al and CS, alongside their associated tasks, are
depicted in a mind map (Figure 9) and are further dissected in the subsequent sections.

Participant Training

Subject Identifiation Volunteer Involvement

Subject Charisma

Environment Education

Taskl: Task2:
Biodiversity Survey

Public En

gement

Technical Expertise

Data Sensitivity
Financial Resources

Figure 9. The illustration depicts the integrative mind map of the hybrid intelligence system, encom-
passing components of CS and Al along with two distinct tasks. The map is further characterized by
eight attributes crucial for effective system management. The directional arrows within the diagram
indicate the influences between components and attributes. Detailed explanations can be found in
the accompanying text.

11.  Subject Charisma:

The intertidal zone of reef rocks teems with diverse marine life and is subject to
dynamic ecological changes, presenting urbanites from terrestrial settings with a vivid and
elusive tableau of the sea’s inhabitants. These marine creatures, often sporting distinctive
and vibrant appearances, make the zone an accessible, enigmatic, and captivating new
realm that beckons for repeated exploration. Notably, charismatic species like the Eye Spot
Sea Hare (Aplysia oculifera), which bears a resemblance to the popular cartoon character
Pikachu, play a crucial role in heightening the involvement of CS participants and visitors.
The combination of such appealing creatures and the deployment of smartphone-based
Al tools for specimen identification enhances the marine biodiversity exploration into an
engaging and educational ecological quest. This synergy significantly boosts environmental
education initiatives and fosters public engagement.

12.  Subject Identification:

Specimen recognition represents a considerable challenge, particularly for tourists
with limited knowledge of marine biodiversity. Our study’s protocol addresses this by
providing a list of species that accounts for their varied appearances throughout the seasons.
Such measures ensure that tourists can identify marine life during their visit, enriching their
encounter with marine biodiversity and making the identification process an educational
experience in its own right.

13.  Public Engagement:

The hybrid intelligence-driven online Al service introduced in this study is a testament
to the power of engaging the public in environmental stewardship. By enabling visitors to
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identify organisms within the intertidal zone through an engaging process, we not only
educate but also discourage detrimental behaviors, such as the capture of marine life. This
strategy is key to garnering support for the conservation efforts outlined in 8. financial
considerations.

14. Volunteer Involvement:

The success of CS initiatives is heavily reliant on the dedication of volunteers. Despite
the logistical challenges posed by the remote location of our study site, the dynamic nature
of marine biodiversity here continually inspires local volunteers. The incorporation of Al
technology into their routine surveys has been instrumental in sustaining their enthusiasm,
as they often discover previously unrecorded species, underscoring the value of their
involvement and the importance of their continued participation.

15. Participant Training:

Training for CS participants is designed to be both accessible and practical, utilizing
localized survey protocols and tailored species lists to navigate the complexities of marine
biodiversity. Ongoing training workshops are scheduled to mitigate emerging challenges
and ensure participants are well-equipped to conduct Al-assisted field surveys, which are
vital for the AI’s continuous learning, as highlighted in 6. technical expertise.

16. Technical Expertise:

The gradual elevation of expertise among participants through hands-on surveys and
engagement with online resources or marine experts highlights the mutual learning process
central to HI. By contributing to image annotation, participants provide valuable data that
enhance the Al training process and the model’s subsequent performance.

17.  Data Sensitivity:

Sensitive handling of the images uploaded by participants for Al identification is
paramount. Our protocol ensures that users are aware their contributions are confidential
and used solely for the purpose of enhancing the Al model. Such transparency is essential
in maintaining trust and encouraging the responsible sharing of data.

18. Financial Considerations:

The choice between establishing a dedicated Al computing infrastructure versus using
cloud Al services involves significant financial deliberations. Our decision to develop our
own system reflects our commitment to research flexibility. Yet, the financial sustainability
of both the Al infrastructure and the CS project remains a key concern, one that is necessary
for the unbroken operation of HI and the achievement of our conservation goals.

By dissecting and addressing these attributes, our research not only provides a tech-
nical blueprint for AI-CS integration but also offers insights into the socio-technological
considerations that underpin the successful deployment of HI systems for environmental
conservation.

4.5. The Role of Hybrid Intelligence in MPA Designation

Designing a marine protected area (MPA) is a complex task. As per the recent updates
to the US National Marine Sanctuaries Act, effective management and a comprehensive
understanding of the area over a decade are prerequisites [63]. Addressing these challenges,
particularly those related to personnel resources, the OCA report has indicated the valuable
role citizen scientists could play [48].

By collating specimen survey data to create training materials, CS participants can
perform year-round, consistent monitoring within specified areas. This method paves the
way for a deeper understanding of the seasonal patterns within marine communities and
yields more detailed data on the temporal and spatial diversity of marine ecosystems.

HI, which merges the collective efforts of citizen science and artificial intelligence (Al),
establishes a progressive framework for marine species education and motivates the public
to partake in regular spatiotemporal surveys. This process of collecting data at different
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times and locations is crucial to meeting the comprehensive training and data collection
demands essential for setting up an MPA.

Beyond the ecological considerations, MPAs situated near urban areas face a wider
spectrum of socio-ecological challenges. Not only must they address the transformation of
the economic activities of fishing communities, but MPAs in suburban locales also present
opportunities for urbanites to reconnect with nature, alleviating the stress of confined urban
living conditions [64]. Through participatory design involving the community and the
public, HI serves as a biophilic instrument that enhances urban livability.

5. Conclusions

Effective system management enhances the integration of CS and AI within the hybrid
intelligence system, providing robust solutions for intertidal biodiversity conservation
injtiatives at Cape Santiago. Field surveys undertaken by trained CS participants generate
image datasets crucial for Al training. The training outcomes, representing a transformation
of multifaceted image data into numerical values, facilitate intertidal biodiversity analysis
and reflect the overarching quality of data procured by all CS participants. Once an Al
model is trained and available on the Web, it functions as a marine organism detection
tool, supporting CS participants in their environmental education endeavors, especially
for tourist instruction. Continuous feedback from user interactions precipitates holistic
improvements in the HI system, encompassing the fine-tuning of survey methodologies,
the prioritization of specific species, and the customization of Al tools to meet the demands
of in situ environmental education. Strategically managing this HI not only fosters sus-
tained engagement among CS participants but also bolsters broader public involvement,
thereby strengthening advocacy for the prospective designation of the region as a marine
protected area.
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