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Improved FCOS Network for Marine Fish Target Detection

ZHANG Lin, GE Yan, DU Jun-Wei, LIU Yu-Peng
(School of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061 ,|China)

Abstract: Exploring and protecting fish is an important part of maintaining the balance'of themarine ecological
environment. However, the complex underwater environment affected by light; water quality:and occlusions makes it
difficult to identify blurred fish images captured underwater and consequently restricts the speed and accuracy of
underwater fish target detection. To solve the above problem, this study proposes a marine fish identification model based
on improved fully convolutional one-stage object detection (FCOS). Specifically, the model takes the one-stage FCOS
algorithm as the basic structure and uses the lightweight MobileNetv2 as the backbone network, which not only ensures
the detection accuracy but also improves the detection; then, an adaptive spatial feature fusion (ASFF) module is
introduced to avoid the inconsistency in scale features and improve detection accuracy; finally, the center-ness branch is
introduced into the regression branch, and the generalized intersection over union (GIoU) loss is introduced to improve
detection performance. Regarding the experimental dataset, the pictures in the public dataset Fish4Knowledge (F4K) and
video frame screenshots are utilized, and the model with the optimal training performance is selected for evaluation. The
results show that the average detection accuracy of the proposed new model on the above datasets is 99.79% and 99.88%,
respectively. Compared with the original model and other detection models, the proposed model provides higher detection
accuracy and identification speed. The model in this study can provide a reference for marine fish identification.

Key words: fish identification; target detection; fully convolutional one-stage object detection (FCOS) network; feature
fusion; MobileNetv2; deep learning
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Xof 1 AT R I R A X AR AT T R B AR
PP E A (H TR I R 2, BN 5
K2R Y 2 R &, 1EBCRE R AR E K
AE LR X LU BERAR, oK TR A B, 25 5 1 Rl i
A% 100 8 2 ) A 8 AR v 250U ) e S B K R Y
RAIPS

&40 1) .25 H AR R I AEFE A2 SR g 30 16
1838 = AR X, ] SIFT. HOG HEATHFEHRI 5
AHRE 73 248 SVM 45 & 28 G Mgt AT 028 &
15y [X 3l 34 3¢ TR S (1) it A2 I 2R 7 VR I S B o A, 3
BT IR A2 O BE S A A SIFT. HOG S 4
TR ZREPE ARG B A, T BRI S 22

BOE L, MR THE AL S A T 58 28 il
B, RS ) AR = %, #25 H Asfa il It 45
I iz NS L 4 (CNN), X EESE SRYET CNN
(R AR RE 7. 4R AEF ONIN I FL AR 50
EEAHPTRK S RCNNDL, Faster RONN®! Jy
AL B (two-stage) H B, —2552& YOLOP,
SSD™. Retina-Net™™ J/RFE 1 HL Bt (one-stage) H A
KM B29% . Two-stage FIEE L H B 7 8 kX 5k
(selective search) B3 {8 A} RPN 45 #4725 — R 51 1%
IEAE, N — 5l CNN XA A [ 5 1432,
WGP 7 AT I ) R R 5 O e A R v, (R
ARG N 3 P R AR AT 1T one-stage BLE I BEUSKE H AR
T 5 A7 ) R B 2 2 72 Dy (B A [ R AT b 3, | T
W% 2 1B ATE, AT I 3K Tt 7y AR 03 8 e, (LA N v
Wi 2t two-stage 7 VMg b —% .

Alsmadi 55" I S AL AR 2 . DRI BL. |

R AR IR P SR EILAE B 6k 20 2K iR i 4925, R LR 2 1
PRI IS T 84% MR . 4R ) 5 itk g
YOLO ﬁ/ﬁ*ﬂﬁ%?ﬁﬂ 24 i —ff Underwater-YOLO
2 R % /N B BRI B R g0 2 AT AR T,
HERIRIE 93%. E 202%™ % H kit ) FML-Centernet
90 245 B R0 33 4T 81 SR, YR E0K6 BE APSO Wik
F) 85.99%, ~F- XK M A ZE 100 ms LA, B 2Rl
P TR TR A I SR IN Ty vk, A RO B TR
IR UG RS AR AL 1] .

JE AT B S B H ARSI 5% Ly — e L
B B B BRAS I G, B4 YOLO 53k, B TEJRFE 2 4
TR B A A s SCHEHE (Anchor), P38 o 4 46 /Y 2% 3
17— F 5 R, 55 T bR 4 ST L bR
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B[P FHE. WK TTESH P EE B, B %
K. T HE T TCHEHE (Anchor-free) H%L: 2 CenterNet!',
FCOS"", CornerNet!"?! i CNN $2BUHE 2 J5, BL
WIS CHAHE, B R LI B RS B FRIE B (feature
map) FHEAT TR, BRARAG I (0 52 2% F3E , K Rt s ke
SRS IEAE .

FCOS (fully convolutional one-stage object detection)
M EEHE 2B B BORG R B AR
BE, BHORUAT LN LS Sk, (1151125
WA 5, P A TR 6 E S AT DA B GT boxes
5 anchors 2 [l ToU, P4 AT 5L B/ FCOS I 7]
LAfE Ay twon-stage Kl (t) RPN. FCOS LRI T 51
VIR R B L /b T S0 S 20 B, AT LUAR (8
J& F: AR IABAT 55, Pl AT IR ). A SCEF R KR
1 2 G A I () 5], B HHd I FCOS W 45 5% £
AT 73 A, 3@ 3L ] MobileNetv2 48 5 g 1571
VE R B T X 2% 0 A0 B0 6, R TP ABE 7R 3 5 5
i [ AE FPN B 5] N ASFF 8 X REE AN —
vk, B RIS B X401 2% R BOEEAT IOt BTN BE
4 2 )8, GIOU 15 4 KAt k.

1 33t FCOS 1025 H brofsr A Y

FCOS MR 32538 3 Mo 88 1 35T+
M4 (Backbone). & 2 E‘Bﬁ%ﬁé{?i\% (feature pyramid
networks, FPN) Fl1 55 3505 73 kel =k (Head), 3o [A] 4
I3 4 48 SRR, T Rl Sk 34
1.1 Bt FCOS %% B IHE AL g

“FCOS BRilf# I ResNet-50") = R 44 (08 T, A

SCAERHESR IO TH, 51 NIRFE ] 43 B AR, B T 2845
Fil MobileNetv2"*, I HLAB AR 1IE T 1 4% (K6 IS 2, #1
5T ResNet-50, {8 MobileNetv2 A DUE 4 4]
I FAR T SECR RS R, SRR R S TR T,
T 488 G T 1 288 SEZ B ARG 0 4 5 38 9 4% B R
TE B FRE & 3 A 3RS 2 5 Z R RRIE R, X R
210 3 Z A6 ASFF L35 SURFE; ¥ 5 ZHHER A
) I RISk 3, % center-ness 4332 51 N\ F [F] )45
SC, AEASIN Sk 43 EAT 1] UE 4325, Bt JS () FCOS 4%
R 1 R,

SN B B HEAT TRACFR 1, S\ 3 Back-
bone W 4% SRS RFE I (feature map) C3. C4 1 C5;
1E FPN #4r, FAE B PS B4 th €5 &3t 1x1 HBRUE
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B, P4 A1 P3 735l C4 A1 C3 & 1x1 B ERFES
P5 F1 P4 MNEh &5 3], P6 F1 P7 2 4F1E K P5 AT
3x3 BRI 2 £ T RFELG B, 1Z 7 BRI T S5
&, SR TRHIE BIE S, I s A R A TR
WAAREN T 5 A RE LS {P3, P4, P5, P6, P7},

7x8/128

TRAES K stride 4378 8+ 16+ 32, 64, 128, BliE#
I FPN, K4 R /INAS — IR0 G AN 5] 25 ] 1) R5 A P o il
Hiok. 5+ P3. P4, PS5l ASFF, #9%] ASFF-1, ASFF-
2, ASFF-3, ¥ {ASFF-1, ASFF-2, ASFF-3, P6, P7}iX
5 JERHE RN B 3 A =k .
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.
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Backbone

H*K/s

Feature pyramid Classification+Regression+Center-ness
=2
v
' Bl 1 ks FCOS %%

12 RETHESR

2B 4% MobileNet 351 Ay 55 2L 145 s 2
REET] 4y BN, E B RPIR o B E: BRI
(depthwise convolution, DW) FliZ fi & (pointwise
convolution, PW). DW & UG RAZ AT IR 5, TR
A~ channel, I HAEXS & —A> channel #EAT B HRAIELZ
S, A 380 PR AR ALE R PR VAR 2 5 i N AR AR R I Y R A [
PW GRS #E B[R], (H SR K/ 1. DW &
BT PW BRUNE 2 fo.

DW &

—

HRW RECRHEE BB R
B2 REA SRR E R

i NFFAE

FREG AR TSR Dg x Dk X M X N X Dp X Dp;
Dy N ONERAEAE B (0 8 A1 58, D N BRI RN, MR
NIRRT BE TR BE, N A% H AR A0E e (AR
DW &HRHH+PW BT & (1):
1 1
DxXDgXMXDpXDrp+MXNXDpXDp = ﬁ-’_D_%(
(1)

FRE T AL, v R B R P T 4 L
89 137, VR T 43 B B R M T YRk /AT 5 8501 I
I, SR bR T b S
1.3 BER AR S

G B E e SRR B AR 24 v A R
BEASAL, HGAE & S B E RGN T — 4 H L1 F 8
foe, RSP HEAANE X RO ERE T LCHE, I 50
2 T e L T 23 SR R SR B HE AT 1
G, BB TGIRT — A % TR 35 U S RHE 4
T (E % one-stage Rl 4T 75, 76 14 A FBFAE R
2 T AR — S R L B g T R — A, A
SCREN H 3G N A [ RFAE LA (ASFF), ASFF %3] 7%
1] 956 95 e 2 125 S B AR — SO 0 v, e A5 A
W S BB S TN DAL &, 32 B4 R RE (R AR
FE, O ELBIN TSRS R, 2. ASFFUS 4%
gEF K 3 Fros.

ASFF JEAR [ S BA] 43 A6 25 0 S 45 70 5 138 B
fili&. UL ASFF-3 i, fil 5 (FHFAE ASFF-3 4 level 1—
leveld =AM FE & R AE 5 Al & 1AL BB S50 o, B AN
y KT FEAR N 0 45 5L, ACER 1 365 7 TR, IXRERS S ST AR
[R5 P 2 00 A0E ) i) 57 R 3 7 T AR A
2535 | BASE R )

Il 1-1 / 21 I 31
Vij = iy Xy By X Y Xy )
L VR &2 S ML SRS RAPNANA-HiREE SARCIE o8 Y
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MR BT E n JE A P o 6 8 o, y) B0 AE 161 B
o By FRAES | B P 5] A B
BHL e Hal o B LBt BHE JE AHE Softmax
BB SIS RITE [0, 1] 2 W0, B2 =02 DL F R HR

Il o
@ +B;+7v;=1 3)
A
I _ e v
Y )

i 4 i M
A=A 1x1 BRG HIE RAEx—! 1433, /T LLiE
it BP FARAT LA 2]

Levell
stride=32

s 8.
Level3 a8 LR Y
stride=8 g » e

&3 ASFF MI%% 45k

1.4 HRKREH

FCOS 5K % 3 #34HLeiss Lregs Leenter-ness-
Horp, Lok FHAE R K (focal loss), Lieg K H ToU loss
(Liov)» Leenter-ness i Hl BCE loss.
141 FlERRK

I 0T B TOUDNAE 368 5 2 PR Oz B A O BB R S
A, L center-ness &N T BEARHAS 53, 405 NMS
J5 S SEAT B 2 L R B AR R e A A AE HEE R TR

L RS A7 B BZAL B A ST AN RO B bRHEL |

BEES, I, 1, v, b TN B M 2 A
{37 1 B B FLSEAE 4 SRIAIIE, ol B2 B PR E SCHR (5):

. min(l*, r*)
center-ness = X
max(l*,r*)

min(t*, b*)
max(t*,b*)

)

H ERUETERI 0 B 1, A7 B 5SS T JSEAE R
i, center-ness FIFUN B brEREEUT 1, B LA — 3k
X (BCE) #5347 I k. A0 BE AR A 2 T DAR%
G EE B 0T G vy Lzt 1) 2 A 2 O A R, i ATE &
RERAE DT, JES AN H] (NMS) 251 B 5 & 1310
FERELE T PEHE, AW 1 R T 15 B W 2E A
142 Ik

FEf R HHE A, A I R B, focal loss A] LA
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E AN 5 e A IS FE (R A 100, R g e £ 2 B A s
2 R RE AR LA 1 B AN P47 P e R, AR FRT PR AR T
HIIAL, AT BT SG VA AE 73 S A SRFE AR 73 KR40 K Ly
AR
Lei(pxy» pry) = =, (1= pl ) log(p', ) (6)
Horb, o, 5 T B IR AURE A Z (8] ELAG AN - i i) 2,y FH
SR T BT B AS T oA PRSI R, p WEBTE.
143 [AIH4R%
£ FCOS " {152 I L (integsegtion over union,
ToU) HEAT [RIA# 2K, ToU FoR ]§B0;< (bounding box) HE
M GT (ground‘trﬁ_th) HERIAZ R EE 2 b, anX (7) Frow:
_lAnB| -
IAUB|
Hrb, A B 3 RN TNAE 5 FLSSAE AR, loU BUHE TS
[0, 1]. B4R ToU loss (Lyoy) AEAR 4 1 S S T30 HE A1
FLSCHE 2 [A] I AHOCREFE, (H 2 7E BBox 5 GT AHZZH)
I ToU HA 0, TVETHE Ligy, BREEHN 0, AREHEAT
S A, T A TG (B 2 TN AE 5 3 S AE A
IoU I, “FH EHFERPZ ToU TIEIEFH TR, X (8)
N Ligy WWHEA:
Loy = 1 - IoU (8)
GloU W] LA ¥ BBox 5 GT [F JG 5 & 11 itk il ¥ 1
oI % ) R, SRR AE E S X K AR A S X, T
JoU R BHAEE B X4, GloU A8l (9) frs:
C(AUB)|

GloU = IoU — 9

Forit, € 36 BBox 5.GT SU/MMER TR, GloU
HAE 6 L [—1, 1] 24 BBox 5 GT M &, B =% [
FMZE, GloU=IoU=1; *4 BBox fE5 GT HEAAHZZ HF
HH BT LR, GloU=—1. GloU loss (Lgiou) 7F Lioy
ZJEINT —ANESII, K] AR A B S i, FAE 7]
HARERE BN, Loy PITHRE AN (10):
Lgiou = 1-GIoU (10)
Laiou FEBUETE A [0, 2].
RRAL BRI R s BT 2 (11) e

L({py) fres]) = NL 3 Las(pays i)
Xy

+ ]\;11 Z 1{c}, > O Lieg (txy.17,) + ]\;1_2

pos I3 pos

* *
Z 1 {cx’y > O}Lcemer_neSS (center—nessx,y,center—nessx’y)
x.y

(11)
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oo, yIRRFE L E (2 — B0 B (0 poy FHSAE
(x,y) K28 T SRAE 2, of ), WESEIRBE R 1, N
W28 TN ) AR I SRS 2, £, SR H R I AR (S
2; center-ness IR TR center-ness, center-ness?, ,
NHE SN center-ness; Npos N IEFEAS SR, AA VAL E
RN L, 1{cs, > 0P WOm BB, et KT 0 IHE
N1, BNy 0, BEENH 7 SCEA K center-ness 73 3L
A IEREA I K.

2 SEERE R
2.1 &EEGHIESE

AT EIE K % FH Fish4Knowledge (FAK) A T4k
JEsk R 23 SR ER R REIRIME 4 B, BA

T2 AN FAK £ KR b DA B 1 2 . [ s

AR 240%320 53R, KA Labellmg Frid HufF TRt
ﬁﬁ%ﬂ%ﬁﬁ%Iﬁﬁﬁ?ﬁﬂ@miﬁ&ﬁMﬁ%

i

K4 A HEdEEEG

22 iR _

A 2 R, B e {2 i
TP ERs . i, ACFBR. WASERE . X LR R
7 2T S S (RO R0 I O bR S0 47
AFLISE 2 8 b 2 5 2 S ORI B ) FAK 8K
PEAEILIRAT 34920 & R, LA AR 3L 1760 1A, fE
P 8:2 1 B LB, K5 R S 4 4 1 Tl 5 1 5
B F 4.

3 HiR55H
3.1 EBEEIIGTE

ACRAK & FEE B 5N Windows 11 #4E
R4, CPU AN 8 1% 16 Z#% Intel i7-11800H, GPU A

NVIDIA RTX 3060, CUDA fixA< >} 11.0, CuDNN fiz A
49 8.0.3, 2T PyTorch 1.9 HEZE R Python fRAH 3.7 it
AT YN A
3.2 1EBISHE

ARSI FIER 24 2, K4 1E ImageNet 47 Fil
W5 13 11 MobileNetv2 £5 1 S 4T R FIA LK,
DATE B b 5R 49 458 20 B W P DA R 4 ey A 2R B2 )1 i
fE, ZHOREWT: )% (monentum). AUE (weight-
decay) Fl1%2 3] % (learning rate) %\%ﬁﬁ\;ﬁ% 0.9. 0.0001
F10.001, B A 2408 A& #54 SGD (stoch-
astic gradient descent), }‘X{EE%}T& A BN (batch noma-
lization) IEMIfk, batch size ¥y 16, £3%4% 90000 4.

J %iﬁ?)ﬂﬂﬁﬁ%ﬁﬁﬁ %35 AP (average precision),
LI 25 R VA B AR RS S 2 E mAP. HRHE I 5
H &5 2 5, 2dli e B2, i s pios,
5(a) 7 LA FAK AR B 1) S P kAR 4k, BA K
gl R N gRid B b 3 2840 3. [BlA4r 3 center-
ness =7 AR, N S AT %N, Sudt 2 5 12K iR
HAERT 3000 F iR T RE.

DL A5 it A6 P SR B, i s 2 R 1 ) &5
R, W 6 s,

ME 6 AT LAE HK TSR AR E . L
ANEE] ABA SO T AR E oz £8.96 H b, I HL 7T BL
WA b min iz H pR e |\

3.3 TEMGERMNILRE.

HASCIRGERL B 2 FAK SRR 0
SRT LR R 1 s, SEVL AU SR T — R AT L
WA T 51 5 L (RIE R B 70 2R 6 X 4 0 25 1 0
4%, K FEIE 3 98.04%; R P25 it il HE R 2 3
3 2P Z5 N L RFAE, 45 A SVM SR T 4025, B
137 98.6% MIHER = ; Ha W25 1 35 2 5 R0 4 45
BT IRFEM L%, g T BOEAE, A T B g A
i, R T —Fol I ZEM 2% (CapsNet+DenseNet),
7E FAK Hdm 4 L REFE L 5 98.83%; X 1121 @it Xt
AR 28 ) 48 OB T AR X RR A L S X 4%, A 15
FEE R 1 SR SRR AR AN 4 RS B R ST RE 1B b &,
7E FAK B4 FIUAR T 98.9% HIERI 2. 51 @ 20
fEgif TS Ak )G, 1 7 — M DLl E
& F 4k B B3G5 Th RE 1 fa AR R, 7E FAK Bl 4
AR T B S A IR B, mAP ik 3 99.63%; A iR
H B RLAE FAK BT DU E 99.79% I #ERRH .
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(a) MAR
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Loss
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o 0.63%F
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(ORELEEES

0.8

0.6

Loss

04

0 20000 40000 60000 80000

Tterations
(b) kb \‘\:
- -

0.65 F =
0.6‘ -

0.62

Loss

0.61 -

0.60

0.59 +

0 20000 40000 60000 80000
Iterations

(d) R

E'5 FAK IIZRE B (g A8 1k

Bl6 Rl A R

%1 7E FAK SRR R FIZA B L )

W 2 b BuEmap
STN-H-GBP" " 98.04
PreCNN+SVM!"7 98.60

CapsNet+DenseNet!'"! 98.83
A2 H A 3 W21 98.90
Mt ResNet502" 99.63

AL 99.79

3.4 XfEEIRIE

¥ FAK B0 42 5 B AT ] TS e A2 v 43
BIEAT 6 LS. 1 5 20 FAK Sl £ E AT, 45
W% 2 Fizs. AT LAE 2L ResNet50 Sy T+ 2% i A6 il
1 /& 98.67%, LA MobileNetv2 Jy8 /¥ £% i 46 Ik
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LR LAIAE] 98.37%, R %A £ K, BT Mobile-
Netv2 Joif REAUBUE, ZHOLHSTR D, LK
A BB TF 46 conteriness A3 MY K4y S5l )
0%, BRI NI GloU, FLIF(E 7k ASFF
2 J5i, 1 mAP L5 FCOS B4 371, B §0°F 45 K

o rhE T TR 1 ms.

SR 33— A5 A I D) 4% 4 SCORE A A P kAT A,
SRR 3 PR, ARSI B 25 A LT X H Mobile-
Netv2 BT W28 (Rl ORI T 7 1.62%. H kUi B X
) FCOS BB T LR UE RS I B 1 AT 4 T $2 7 X 25 11
For 4 e

F 2 ffF FAK SudEan a4 Bt b
WOURSEE  SPH R ]

I 24 On-reg GloU ASFF o %) (ns)
FCOS-ResNet-50 — — —  98.67 26.38
FCOS-ResNet-50 N — 99.46 25.75

FCOS-
. — — 9837 21.29
MobileNetv2
FCOS-A S - = 98.94 21.54
FCOS-B N N — 9937 21.71
AL S N v 99.79 22.07
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3 8 H BE i e ot A S A S0 L
_ Onreg GloU ASFF KIS R STl a)
mAP (%) (ms)
FCOS-MobileNetv2 — — — 9826 26.10
AL \ N \ 99.88 28.58
4 QD jZ«

ARSI T —FhIET FCOS Y [ 31& M AL a4 1
AR 5. 2 R M MobileNetv2 & W 4%
HRER IR S 1 BRRE & 3 h, S T AR
DUTE R s PR I B 2 (R E R & (ASFF) 5 HRIE 67
P A3 fib By, T SUREAE RUBE AN — 250 (6 GIoU 4t
KB ToU 5155, ff YL ITONIAE 5 L SHE 2 7] U0 & S
FSCFRIA FEE 3 % ) L, K center-ness 73 3¢ 51 A3 [5] U= 45
SC, BE— DR TG BE . i 4 SR Es R B A SR
$i& H 0 D 2 A5 TR A7 £ 28 J i&ﬂ%éﬁxﬁ?f*“&‘,/\F“MJ
Hﬁﬁhwﬁﬁﬁﬁﬁhﬁxﬁﬁﬁﬁ%ﬁWEMﬂ
HRGFHE R,

SE 30K
Girshick R, Donahue J, Darrell T, et al. Rich feature

hierarchies for accurate object detection and semantic

—_

segmentation. 2014 IEEE Conference on Computer Vision
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