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Abstract

Research on the sexual behavior of Yangtze finless porpoises contributes to the conservation of this
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endangered species. Traditional methods rely on human observation, which is inefficient, costly,
and prone to observer fatigue. With advancements in deep learning technology, the visual monitor-
ing system at The Finless Porpoise Pavilion at the Institute of Hydrobiology, Chinese Academy of
Sciences, can leverage object detection and recognition techniques to improve observation effi-
ciency. In this study, we first constructed the YFPSB dataset, consisting of 2901 images covering five
behavioral categories. To address challenges such as underwater image blurriness and the confu-
sion between finless porpoises and the background, we establish the YOLOv8n-DBTA model. First,
we apply automatic gamma correction and dark channel dehazing for image preprocessing. Then,
we design a dual-branch feature fusion framework that introduces additional feature fusion paths,
preserving more low-level details and features to enhance detection capability. Additionally, we
develop a task-aligned detection head to enable interaction between positional and categorical
information, allowing the model to learn the relationship between porpoise behavior and location.
Finally, we conduct model experiments and analysis. The results demonstrate that our model
achieves 97.9% and 79.1% on mAPoso and mAPos0.0.95, respectively, outperforming other main-
stream models.
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1. 518

KAITYLIK Yangtze Finless Porpoise (Neophocaena asiaorientalis asiaorientalis) & ¥ 345 T 4 EH KT
P00 e BB VLI BB ME— K B2 B0, ML) 1249 Sk[1]. 2013 {5 B AR GRI BRI
WHFy “HREWE” ¥Fh, 2017 4F (ARREEIAZ)) (CITES)BKITITIKZI N T ¥Fh. RN T /3
() BT A ) 2 R AR LA B S R e ) B DG 5 A BROIR V2 WG B R B () B A . KV H AR
PRI IX, R RATLVE IR R % N 14T 0 5 B 7S, 2 B RO IR P e I [ 2] -

FEGITLIRAT N E TR T R AR, FAERCRIL. N TEAEW R, 045, FIHTE K
PN AR FRAK A AT W30 C 28 O 7K A Pt e i B 2T Bl VO ) MR 4548 nT DLWEE L il
SILIKBIMEAT Ao o R Bt K AR AR W0 56 P 1 BE IR VRTC % 17 SCHRp A [ 801 M 451 65 SR 2 Al A 432 7
RIA R, HRIES B S 1 R LR AT A A R R Y. 58, FHEMEK BRI PIAHLALR
B TEAG SRR IR PEAT AT I FC, X [F] — I B 2 UL VIR EAT WSR2 ) T AR &2 B KR o LK,
MEEN 03 5 LR BRI A5, (BRI I RV IR AT, IR ISP ST LI AT 9 I 8RB,
DA tE D) 75 2251\ 3 S ALFI R REAL IR T BOR SEI A 5 AT E IR AT A

Bl w2 0 2 R GR A 5 B AL BRI R g, A I SR A BRI aa s F Tk A Fh A
SP[BIAER T 1 — ik Ttk YOLOV8N-seg HYBEIE /K 5 X 30 F) 52 071k, %071%5| AT RT-DETR
) HGNetv2 =T/ 2%, FIH R ENERAZE R RESRICRE 77, SEIL 78 1) b 5 43 0k 2 1Y)
Tt KT KA N A T A T 32 PR AP B s AT AR 55 AT S SR 2 o 1 [AT55 AT R 7K TR ]
B SC AR AL, R BT 2 RS & IR & R 3G 92 A MobileCenterNet 5278 (1) 7e] 8 H s Il
Tride SRAER[S]EEHE R T G5 5 GC-YOLOVS AR T SRR % it (K 7K R 3R 55 R 10 30] B R 51

IR A R R, BRI ORI K A A B Z A UM B — @ E A, EAKAE YRR

/,—+
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AL PR 2 R K, B EEEAN SR, H G 2 B IR TR0, 75 BT X0 & SO0 15 Sl AT
sttt BT ERE R, Al 7 E N AN TEFRIEE T VLR EAT AR £E (Yangtze Finless Porpoise
Sexual Behaviour, YFPSB), EXI/K BB VLIRS T SRS VLR VEAT JoRill 5 UUm] ) el i, A
TALIEMEAT R 5750 % YOLOv8n-DBTA.
2. BiRGE
2.1. BEERRBSEL

BAE R UUNMTE S RGBT, sk A e 0 BB B A AT I R A . AR SO Je 57 TIVLIK
AT AEERSE . BGEIERE TIE T BB BK A AR T AT B B AT . o B R K A 2R Pt
FUAT A BT (AL D) A FR WS 3 AMAFEN, 43l B 38 BRI SRR R BT it . &
ERE Tk B B 78 A TR R N7 = AU 1 5 3 %08, T3R8 967 skVT KR, &
1R, (A)ECRE T EFRK BRI, (B)ENE K EFRMK LA, (C)EI AR EIFRb R K R AL

7

Figure 1. Surveillance footage from three cameras
Bl 1. =AMLY SRR

ASLRAETILRYEAT AR T, 0T K BN, R TTIRAT A 20 mlbnid v el 2k R 51 2 1) 7K AT N
(Normal Training). A T.5%4%47 J(Training for Semen Collection)FI1E# 47 . X TF/K FHUAL, BILIKRIT N
23 IARIE 94T 9 (Sexual Behavior). /& AT N(OB)FIIEH AT AN .

() ®) |

(D) (B)

Figure 2. Yangtze finless porpoise behavior
2. IBRITA

AR S K KBS N6 S AT AR bR IE T R AT N .

1) Ik o1 51 F 1947 8 (Normal Training): YIZk A 51 FYLIREEL . H/KZAT N, Wl 2(A)Fis.

2) AT %4547 M(Training for Semen Collection): I 25 AT IKIEAT N T KA, @& 2(B)Fis.

3) P47 M(Sexual Behavior): BH 22 5 Bair B AR AR AT IAT Jy, BFEATEAR D S50
A~ AN JREESEN . R, 1BIE. BEESET =FIT R W 2D) B A RIEAAT N
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4) HE'E179(Object Rubbing): Kk sl PEATTITIRAEMES , 3™ i #873 DL K o P U G BE SR AR T AR
W 2(E)fra e W THREMETLIK, BRI H T WA E i .

5) %47 79(Normal): FEIIZR 5151 T FILIKARPEAT MRS SIIRES . Al 2(C)Frm /K EIE R &SI
TERK, ] 2(F) s 297K R IE & & S BT .

2.2. BURSKHIESY 7

TEIRFES IR AR rh, el . PR BIE SR IG R 7] 7%, B B 967 7k 7% 2901
Ko ASAEH labelimg #ffx B EATARE, QI T yolo ARits IMVLIKTEAT MEEREE . TLIKIEAT A
YFPSB ##fa St 7 2901 sk, HRAEAL IR 7:3 BILLEI R AVIZREE R IESE, ¥ 2030 5K EEH Tl
%k, 871 Tk EMEH THRIIE.

3. ITRARMAT RN SR ARE

T A B KU 1 MR 45T & SRR RIS SRONY LK AT R 3 B S Ge it BRI (1B, AT T VTR M
79 FARA IS5 A A o Bl T B B BRIk Ll U BB P A2 B T L 7 S S e R A e 2
AT R SR A 73R . A SCHRET B BE ) YOLOVS [8]3E47 Bttt . YOLOVS & —Fii FI 1) H brie il 53R 51
Sk, AR INRS BB v AR R AR A T e 5 B IR RSG5 R, 4302 YOLOV8n. YOLOV8s. YOLOv8m.
YOLOVSI fll YOLOV8xX, XUURFIFIARAM1S YOLOVS RENS7EKE 5 AN f ih AUl , HH4 56 W f 8 3
Hto HH, YOLOV8N 52 YOLOV8 4% Hhic 2 i RN 2%, LIRS FE 16 [R) I b 7 280 .
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Figure 3. Overall architecture diagram of the model
3. B
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FT YOLOV8N, ASCHEH T — T RVL IR PEAT Joka il 5 5 8580 YOLOv8n-DBTA, Uil 3 fir
/RN YOLOV8N-DBTA g5t . A8 1Ak E BAATIAE = AN AT : 1) 0K FRE AR KA
FULIRA 5 51 SRE M B AT A E A7 5 7 SRR ), 76 R T WZS R n 7 s, RidEd g
RN DB IE . WEEIE e 2 AT MR IR, DU SRIT IR SRR S X 2 B s 2) SR W TR
4 HESL (DualBackbone), A 7E ST A% /K T 15 37t o B8 G M SR B LR VTR A9 R AIE, a3 5o 4t 3) &
THF 55 %5 354630 3k (Task Align Detection Head, TADH)A= B 7325 5 5 7 A B 248 HASAE K AR i 70 22 5] 7T
FEPEAT ) 5 07 B A RIS 1. ABEFERT YOLOV8N-DBTA #E4T 7 VHRIAIF T, IaiiF sodk i w471k,
5 HAMIRAT B 48 SE R EL,  YOLOVBN-DBTA ST R IEAT Jo FRIAS I 5 1R 5 8RR 5

3.1. ERTALTRELR

g H R, T LUE BRI A BER 3 BK NP5 ST TP a4 (R BR A, A7 A8 B . XE L
R X MLIK S 1 S R, 2B B I R s . Dt JRATE xS R AT AL HE,  DASE SRR
H5ESIX 5B, TAL B b B 3 IR IE[9]. Wl iE Se i 2 55 [10] P AN B4 4Rk . 220 R Tk 22 )
HIJE X EEan i 4 s, ZEMD9 RGBS, A MDA 5 B EMR, 7T LA BIARER 5 SR8 1 /K BTRBORI ) i 7
KA TR S B R E RS X ).

Figure 4. Comparison of images before (left) and after (right) processing

B 4. ERLIER(ZE)E(H)FEE

3.2. WETHFER S HESR(DualBackbone)

TEK TS F, 62, AR TS S B 2R R 2 T30 H AR A 5800« 228811 YOLOv8N P45 mJ
RETCRAE RO BV 515 56, AR ANRAS 1) 8, B AEACFRANRL AT o R v REAAAE IR 2. /K
TEHEE R, VLA BRI, 5 P48 T A M DL S R AN B AR, 0GR M B AT BE B A B
SRS o O TR — R, E YOLOV8N [ EF ML 5] N T HGNetv2 [11], #&H X FE FHRHER &
HEZE (DualBackbone) . 53 3¢ 4544 SV IR 28 LEAS [A] )2 IR E SR BN [RIRFAE , 7252 2% 17K T 15 5 S A b4 e
HYTIK AT RAE, B S, I mE ARG R, W5 345/ m] LLRE 4 A B %2 37 5 i A
b, JCHRAEK FILIEAT Akl g, TEK T ReAL T AN R RBEFIA B . s g 58 18 AN R R A
PRI RE T o WA SR EI R IE R, A Bh T3 Mo 2 ALK I [ A S5 R0 R B 77, JGIRTE
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BEAAT NERE S HARIE DL T, eSS I IRAS IR A o

N T BERAE R Z R B VRS 2 EBE, ABFFLHY DualBackbone JLTE—4~ HGStem (113
B BT SR R HEFR IS (AL K . wnlE 3 BoR, BN, Se it ML WG AL HE 2 HGStem
DAAE X 48 [ A B B RO SR BURFAE , 538 5 BRI AR AE P 2 1) 4 3R A T & . e NN TH]
1 ETFHATEEY S, ETF3 AN RS % HGNetv2 45K =T, A1y YOLOVS f48 8 3= F3 45
HGNetv2 [ fd FH IR FE n] 7r BS54 DWConv B it S B/, Rebml/ TS 53k, B mmBal (sl
HAERNEIE LR 2 IR R . XA = TR AR, B3G5 TN B AR IE LR )

BT B X 200 2 I RHIE 2 S 8UR G 13 BIRRHIEZ i K, ABFAIRH T FAF BEHORAR Uk
A TR 2 R . WA 3215 B - EAE FAF (Feature Align Fusion)5 AEx 5l A AR AT 5 25
X5, SRIGRE R JE RRIE FRES 2045 H I FRHT% 3] . W 5 FoR, SRE WA T2 2 B RHE
feal fil fea2 S id — N BRUKEERCE R —FER, RGPS —E, BB I—4 Sigmoid 19—1t
BRAUAE AN AS O AU 25 R RE & IREAE, S RN A [FAFAE (D IE R Re 71, SRIGERIT split FRFIEY) 43
]2, 1S3 BIENER FHRE S 2 BT EHE feal. fea2 73 HIAHIR, SRJGHILTAREE Bl LU IR S A\ 45
F 2 25 15 138 T AU param A param2 (NS 5UE0I8E16 N 0.5, SEIRHIAE-1, 1 (170 Bl 8 et it
NIRRT, AR B IREE AN . e FE AR ERH, m@Q). R@). XRE)MX @)
TR

feal’ = Conv/(feal) (1)
fea2’ = Conv(fea2) )
weightsl, weights2 = Split(o(Conv(Concat(feal’,feaz’)))) 3)
output = Conv paramlx weightslx feal’ + param2 x weights2 x fea2") 4
,J. = paraml
feal —U;§ : G ) - 1 = o
. §'>:_[E 'fa\‘ | 5|
— & =l | S] k=il | 2
) S Bl SR .
] )l SIS &
g - Y f
I aram2

p

Figure 5. FAF module structure

[E 5. FAF $&REE#

3.3. {E&EXFFHML(Task Align Detection Head)

TEEIAT NS S AL EAOC, WV AKTE BRI @ 5 BUTE S 5 S . 5500 /K THT [ B 4 08 5 2 1B
1790 B, 480 YOLOVS MR 45 4 B ARTE 73 2B MIE AL LRI TS, 1H B8 20 2L A 3k 58 4 0 8
TERBR N SR AR RE o, 2SRRI Sk % B O Hh AL B A N K080, W B (E BAC . IXER
RECT AR S EUERE TR N T RN R, ARBEFURR T S HORAE 555 A 3k (Task Align
Detection Head, TADH). Z:[f TOOD [12]f) 2485 NATS XA, (15 17 7 SC A 4325y S 2 8] m] LA
FAE 25, AR AR o 5 A VTR MEAT AR SR ). 22 YOLOVS [ ISk #4027 12 4 3 x 3 HALF
61 x 1HEM, 8N 897,664, £ LT EM 1/5, XEL M YOLOVS Kk PE K E IR, AT ff ik
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Figure 6. TADH module structure
[l 6. TADH #&iRE5HS

[ generator |

—
| mask&offset ) |
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Decomposition —_’-

Conv Conv

_ Ix1 3x3

Decomposition Module

S

R

—

L,

Conv_Reg /
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1 Conv_Reg

Conv_Cls

Convolutional

Conv_Cls Module

s 6 frax, P3. P4. P5HABIANILE 3 x 3 BAEBAT AL B G #EAT BB, X FE B 12 1
SRAENLAN 7 FAE T 2 MM B A . HFE G VR AE EIEBE A B IRk 2 i, 288 7RSI
FR e N TIEHIT R EMORIER LR IEE ), PHEE AL I8 Conv_GN HEATIEIE HURA, 21
fi H @ TE A S AN AR R o GBI S mask A offset DL T AR TE AR [14] (DCNV2), 81753 3¢ e % Ab 3

EME R BERARAALE, $G9R 1 EArRE

o I NEIE 1 x 1 AR 3 x 3 B A HEAT IHAE K456,

FHM R A8 B AR A T B, 3 — BRIt 7 0 KGR . 22 TLRFIEIE A Task Decomposition

MR HEATAE SR, P MTESS PR Task Decomposition A5 B[] A

e

INTFTZ

%, Task Decomposition f& 1k

2% | TOOD ' TAP [ layer attention £t H1T5E LA RAEFHIRIE AR, LHFFEATRERTIA

RS IRI R

X =w - X™, vke{l, 2, N}

w= a( fc, (6( fcl(xi”ter)))

®)
(6)

5 F, ARHEXFREAMESS TR, 250 K JZIER IRE, AL HFHE. 36 1, o /& sigmoid
B, fo NAEREE, SRR relu BB X ERPHE SR ISP AL S 15 2

Task Decomposition R AN THE AR ME 5547 5E HIRHIE, AT RS PR ANME 25 (R REAE R AT 40 fiff DAEE
B R o B SR IL R RIS, D97 OGRSk B U B bR ROBEA— S [l /8, ffH Scale

JERRS AT AT . EIE EiR S, TADH AU 175450, ik

S IS HE ST L], 3 5

TR K PR EAT R UESS TR I RE 58 LA 70 R A0S IR AR 2 T BRI 7T -

4, RS54
4.1. rigdr

RO FLEFE TR FE[15] (MAP). B S 4R . % miih 5 & (GFLOPS) =AM e dn K PN B AL RS FE 5 0t
gk, HEARWAT). (B8). RO)FX(10)Fm.

L. TP
P(Precision) = 7
( ) TP+FN Y
TP
R(Recall) = 8
( ) TP+FN ®)
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AP =['P(r)dr )
1 o
mAP =3\ AP,

4.2. KWIFESIESH

ASCEBGIILE Linux R 48 E3HT, #:4F RStk Ubuntu 18.04, CPU 24 Intel(R) Core(TM) i9-10900K,
RAM &y 62GB, &K~ NVIDIA GeForce RTX 3090. A [()5256Hic & IFFE[) Python AN 3.8.8,
PyTorch iitA 4 2.1.0 +cul2l, CUDA fRAH 11.1. 7ESEIH, IlZk epoch 1152 & A 400, batchsize W&
N 16, VIR I F R E N 0.01, AMEHTNIZAE, MmN BE I R/NRILN B B 640 x 640.

4.3. jHRhsELS

4.3.1. EHGTALIBARIR AR SEIS

TEHAT BUE AL B RV A a0 o, FRATXSEE T LA A HIEC E ) YOLOvSn BEBY 1 RE. Suiash
R 1 px. H, “wlo IP” FoREA fH BUE AL SAEL,  “w/IP” Ron Al H MG At B B,
“DBTA” FRBATHR SO . ARG PR LAE H, 8 F EHRTRAL B A 2L (YOLOv8n (W/IP)
A1 YOLOV8N-DBTA (W/IP))7E MAPoso F1 MAPoso00s P T bs_EHAL T A 18 FH R Tk FRARE B pr) 62 7Y
(YOLOV8N (w/o IP)F1 YOLOV8N-DBTA (W/0 IP)). X3 i G TAL B AL Hxt T 32 st A e 2 Bh i
AT A YOLOV8N-DBTA 728 H R AL BE A H S , mAPoso A 0.973 4212 1 0.979, mAPos0.095
M 0.778 $& 2] T 0.791. X ANERLSLES, FATIE T B AL AL T $E i YOLOV8n #E A P fig
(A 20, 3K A2 DR R TRAR BEA SRS T B B 2 1E 5 W ST S0 2 S5 R, 15 IR 1) s B A 3 e,
B S5 HEFEMSY, 5GE TEREK NSRS NN S S, BN, FRAT ) elodk A
YOLOV8N-DBTA 7ERE st P R R B T, RIS T S4B PERE .

Table 1. Results of ablation experiments with the IP module

= 1 AIBIERE RS 2 R

pi-%idl MAPq 50 (%0) MAP0.50:095 (%0)
YOLOvV8n (w/o IP) 96.8 77.4
YOLOvV8n (w/ IP) 97.2 77.5
YOLOv8n-DBTA (w/o IP) 97.3 77.8
YOLOv8n-DBTA (w/ IP) 97.9 79.1

4.3.2. {RBIBGHAYTHRRSLIS

SO S M SEge 45 2 2 fom. MR RTDUE 1, SOERTERY (1 15 5 I ZRA N RS BRI R RS B
AT AR, 4399020 95.1%F1 98.2% . IX = B [ NIX ST N 7E M AU H o 0L, HalfEBONE 2, %
S BB BT IEWAT MR BRS BE fA%, A 94.3%. X EE RN EET ANEIER NZRE, HAK
THIEPA S S SORE . SOl G XA RS B B R T @l AN T MR R R ST
A B B ME BT, $R—TFIEH IR N RS 540 B A BT N5 iR kG

RIS R R 3 Fion. WERFALLEH, RAKL YOLOV8N (w/o IP)RERY 43 S~ S50 B A
MAPq 50 Fl MAPgs0.0.05 73 328 96.8 Fll 77.4, S AT S5 &40 3108 3.00M Fl 1s8.2 x 10° K. 51k
YOLOv8n #RIALL, 7% 1 FLESHINHE Sk TADH BRIk R, SHE T T 25.2%,
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Table 2. Experimental results of the model
2 2. HASIRER

R E Normal training  Sexual behavior Obiect Rubbing Normal ~ 'raining for semen

collection
YOLOv8n 95.1 98.4 99.2 94.3 98.2
Ours 96.7 98.7 99.5 95.9 98.5

T EE AT 5.6%, MmAPoso Al MAPoso0es 73 Al HE T 2 97.6%F1 80.3%. 775 2 FIM E THIAYHELE,
S H R A BT, PRk A L R R RS A $2 T, R W] DualBackbone o ik i B PE RE AT —
SERIET 2 . 75 %% 3 [AIN %1 DualBackbone #11 TADH, S35 E AL FTF T 50.5%, V% M5it5
B TFT 47.0%, ALK SARS B mAPoso Fl MAPoso0.0s 70 A ] 97.9 A1 79.1, 5 kit A AR b oy B 42 7+
T L1%F1 1.7%, NETE TR R, U PR O VR 4 A RE S B A IR TR B M R . X R, KR
B AR BRE AR R A s B 20 i S A2 E S R@EE e L Z 7, oo RGN IR M T /KARVE IR
W R, ook T MG TS 5 X 43 . DualBackbone F1 TADH i S0 J7 vk e R 1 e A R e, H.—
IS A ] LIS S AR

i LR, @RS, BAVKAE T R WA E . DualBackbone F1 TADH —Ffuidt Jy vt
YOLOvV8n # A ML AE IR THE M . Hid, YOLOvSn-DBTA (W/IP)[FIR 5] AT DualBackbone A1 TADH, 7£
TRIESHEM EE AR T, BT T REr ke,

Table 3. Results of ablation experiments
3. HAKEEER

FRUTEE

. ? =N
RWHTR DualBackbone TADH  Z¥EM) (<10°%, 19)

MAPos0 (2%0) MAPo.50:0.95 (%0)

YOLOv8n (w/o IP) x x 3.01 8.1 96.8 77.4
F %1 (WIP) x S 2.24 8.6 97.6 80.3
T % 2 (W/IP) S x 5.28 11.4 97.5 78.5
77 % 3 (W/IP) \ S 452 11.9 97.9 79.1

4.4. FEHEEIXLIRARMEITARIRAIMEREEL B

N T BB BRAE i S R AR T IR PR AT G 5 AR A 55 AR T At e A A (G DB, 0 et A
5 R R E ARSI S R AR AT T LSRRG, SIS RN 4 Bk, YOLOV8N-DBTA (w/IP) 7
XTI TEAT D9 BRI 55 R0 R R v - J0Ath 3 Al B, X e ROAASCHR AR R N R AL B . W+
REAIE it £ HE 2 (Dual Backbone) FIAT 55 5% 5 4 M Sk (TADH) X = A7 TR TR A PEAT A iR 1 41 P 58,
Hrp

1) BB ELRE R E 305 R A EE el 5k FBOR, W5 T EBRISE IR 1 K ATE ik
Ml dl, o TR R R, TR s 1R R K T IR IS DA A8 b 5

2) XTI R A HE 22 (DualBackbone) 5 1 AR RS RIS BLVE IR H AR AOIRBIRE ), JeHAERE
AT N B H RIS OL T, b 1R AR A
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Table 4. Comparison results of recognition performance of different models
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