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Underwater Biological Detection Integrating Pruning and Knowledge Distillation

WU Ming-Xuan', LI Yuan-Lu'"?, WANG Jian-Xiang'

'(School of Automation, Nanjing University of Information Science & Technology, Nanjing 210044, China) ¢
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Abstract: To address the issues of limited storage and computing resources in‘existing underwater equipment used in
industries such as fishing and seabed exploration, as well as the large size'of detectionmodels, which are challenging to
operate efficiently on terminal devices, a lightweight underwater bielogical detection algorithm combining pruning and
knowledge distillation is proposed. First, the C2f_GSCOnV‘structure is designed to replace the C2f module in the neck of
the YOLOv8n network, reducing the oyerall computational complexity and optimizing the model structure. Second,
MPDIoU is introduced to replage CIoU as a new loss function, accelerating the convergence of the regression bounding
box and improving detection performance. The LAMP pruning algorithm is then applied to trim the model by removing
redundant channel information and convolutional kernels, further reducing the number of parameters and computational
complexity, thus compressing the model size. Finally, knowledge distillation is employed to restore the model’s detection
accuracy and reduce the precision loss caused by pruning. Experimental results show that, on the URPC dataset, the
improved model outperforms the benchmark YOLOv8n model with a 1.8% increase in mAP50, a 62% reduction in
parameters, a 56% reduction in computational cost, and a 186 /s increase. The results also demonstrate excellent

performance upon deployment and verification on an embedded development board, confirming its suitability for
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application in low-configuration underwater equipment.

Key words: underwater target detection; YOLOVS8n; lightweight; model pruning; knowledge distillation
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A 7600 fEZK NG EUR, /KT B bk AE S5 $2 41t
TSR EEARYE. R R 4 R WA
YIE R, 2058 <E T (scallop)™#FiH (echinus)” /i £
(starfish)”F1*“¥ 2 (holothurian)”. il ik, Zk&T6 H
b AR AN B AR AR A, I JE IR B T 6625 TRk 2K
% ¥ 8:2 ML 7 U SRS A a4, Ho il g gk
£ 5300 K IEIMR, MtAEA 1325 5kIEME.
3.3 IHNEHR

AR H ARSI FH VP AR 5 A5 ok i B 0 2% 1 RE,
A NTERG % (Precision, P). A% (Recall, R). S
i (Params). V155 (FLOPs). Fi9§ EIMHE (mAP)
TR AERD K FER WO (BPS). FLPA A U

' TP
P=— (12)
TP+FP
TP
R=—— (13)
TP+FN
1
AP = f P(R)dR (14)
0
1 n
mAP = —ZAP,- (15)
n
i=1

Horp, TP FoR BRI H AR B, FP 2o B iR Il
H AR, FN Ros AR 2] H AR EE. AP 211

R BE, i AR AE AN B U R DO 3.

YN, A [ R AE M A ) P-R 2R S A
B SR R THI AR B2 AP (R1H. mAP FE X Fida 250 (1) AP
LT 8492 T 735 4 S (R 5 0 ) 57 v
AT, mAP50 ARRAE ToU BIME BN 0.5 B AT B RS 1%,
M mAP50:95 X3 ToU B{EHUE M 0.5-0.95, KN
0.05 I~ 35K5 FE. FPS FH R Al B AR Y (13 SR, 4
FPS K e 7oy I i i e
3.4 FEISRETHER ML SI

ST FUAS [ BY b S AR R B R B, 1 T A
Y BYARE E A AR S00 503 J5 1) YOLOv8n #5815 B AN )
(OB A LR AT BT B I Wi T — X L s st 15 31
SIS SE AR 2 fioR. S5 RR W, BEE BT E R 1K,
T (1 2 B R T 5 B 2 R Sk AL, AR T A2 B BY b

146 A4 AR H % Software TechniquesAlgorithm

SO, AR PRSPt R LT B 3 (R BT RN T
0.4 I, 2 O I LA mAPS0 1H 3 K TR B AL I
B, T 2 BT A KT 0.4 B, 58 mAPSO (A BTk,
AR RS I 7 AN R R B2 B R B, L BTRCR O 0.5 1,
BRI R 2252 T 0.2%, A 1B R T 0.8%, K& %
0.2%, FFAR T HUR AL E AR R H LI & R, (H 25
i T B 58%, THE T I 53%, KlE46 ik 1 148 5 %
FE, HB T E A SR B R oK, N i Ak #E 50%
BYRER T MR HEAT J 8 () R IS IR .

%2 AN AR L I
B % Params (M)yFLOPs (G) P.(%) R (%) mAP50 (%) FPS (f/s)

0 2.81 % 7.65 80.2 80.4 84.0 396
0.1, 2.53 712 80.5 819 86.3 423
0.2 4 2.17 6.5 80.3 824 85.6 466
0.3 1.91 5.65 80.4 80.6 85.1 512
0.4 1.63 4.94 81.1 799 84.3 523
0.5 1.18 3.58 80.4 81.2 83.8 567
0.6 1.03 3.02 79.6 80.1 82.5 590
0.7 0.86 2.63 78.8 77.6 81.3 634
0.8 0.73 2.18 76.7 755 78.2 660
0.9 0.59 1.96 76.2 703 75.4 693

3.5 HELSKIS
3.5.1 KRR A Al S

N T BUE AR SCRT 51N B AR % BRI g, f
MPDIoU 5 I A JUFhH L4 2% o Bk AT X b, (046
CloU™. GIoU™". DIoU™ . EIoU“"#1 SIoU™". £
FISEIRFRE T, BB L o E S, 75 1 S0 4
RUNR 3 PR, GRIGARYE ILB0 4 FHG VI 2R3 72 1 454
5% bR Bt 2R 3T R AR X EL, 2 1E) 6 R AR R 3 3L
4%, 8 Fil MPDIo U 45 % & B 3543 T 575 1) mAPS0
I mAP50:95 {1, AR HEWEBLEL 45 B4R T T 0.9% Al
1.1%, BB F MPDIoU #51% R4 YOLOv8n B4
TEI SHE T ARG 5 7 THI AR 5 A 457 2k o 503 A5 B8 4
BOE AL T A SR K N B AR AR 55, [RIBT B 6
A%, MPDIoU 1) fie 2 W S 328 /I T F AR AR 2% bR £ 1)
e AUSIE, B MPDIoU WS RERE 4F. 2% L, 1EBA
T 31N MPDIoU 15 2k bR £ ) 5Bk Ve

K3 BUREESTH SIS R (%)

PR P R mAP50 mAP50:95
CloU™! (baseline) 80.0 80.1 83.3 46.5
GIoU™! 79.9 80.3 83.1 46.1
DIoU™ 804  79.8 82.4 45.8
EloU® 80.1 80.5 83.8 46.9
SloU*" 80.7 79.6 84.0 472
MPDIoU 80.2 80.4 84.2 47.6
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3.5.2 BT FRE VY b
R T 20 G UIE AR S ARk SR 1A Rk, A

— CloU
5k —— SloU
—— DIoU
— EloU
— GloU
—— MPDIoU

0 20 40 60 80 100
epoch

(a) train/box_loss

YOLOv8n {EyFEMER R, e e SR HUZ A0 1 o it 2 B
I AT 2 AL RS IR, 75 2 I SEIR S R WK 4 Frs.

— CloU
~—— SloU
| — DIoU
30 —EloU
— GloU
— MPDIoU
25 |
Faua
E=y
20 |
15
1.0 -
Yo 20 40 60 80 100

epoch
(b) val/box_loss

" “H6 ok m Ao

*

g !
40 ok i PRV Rl s gh 4

- LAMP %12 Params FLOPs m4P50 FPS
BEH GSConv MPDIOU . ..,
Wi i M) G (%) (fs)

X 3.1 8.1 833 381
281 765 828 396
281 765 84.0 396
1.18 3.58 838 567

1.18 358 851 567

(O N R R
2 =2 2 =2 X
2 =2 2 X X
2 2 X X

2. X X X X

P 1 AR UG YOLOVSn A5 7Y BT frf ik, 4%
A2 51N GSConv 2 J5 IR, MR 4 AT A,
B SR A5 B4 i) R % 0.29M 1 0.45G, 1iE 5K
T OHTS A B G A B (ER WIS FE DR A2 B T
S, mAPS0 RBET 0.5 AN 3 a5 BT AR 3 7R AR
2 &at b, 5INT MPDIoU 1k bR 8, 75 2 B0m fit 54
ERFEARRIE T, 46 mAPSO R M % 84%, ik
HERBLR AR T 0.79%, HE BRI T U O K BURE 1.
BT 4 3 ek 5 Y OLOvSn A R 31T LAMP B A% 44
VB, I W E 50% HIBTE: L3 2 S 80BN 1.18M,
THRE RN 3.58G Mgy, xf LBk ar s, 250 T
B 1.63M, 58 T % 4.07G, FPS #7171 /s, H& it
MO, R RS BEAAT 0.2% HIF 2. B 5 % BY A, 5
R EAT SR 280, SO 2k AR, S0 25 1 st
BURE ST T 1.3 AN E 2 i, BRI S T 1.8 4
B R SRE KRR, RSO SO VR A R B E A
W 2 R B2 SR, T ELBR T T SRR R RE, AR T TERE SN
W BIE M.

3.6 NEIEZEXTEEEIE

SN UE AR SC T HE O S kg, B2, 5 H R
F U H BRI S AT S B, i AR 3R Y 4%
Faster R-CNN”*'. SSD™. YOLOv5s"". YOLOv7"",
YOLOV7-tiny. YOLOv8s & YOLOv9s" ' A% [ ki
4, Fok, IR ITE — SR 7E SRR L4 Bl R =K
N B AR I S S A SR VA R AT X SE G, L3S
YOLOv7-PSS™ | CSDP-L-YOLO!, N OLOVS-FESF™
SR ?%EUE‘J%%%%&D% 5P,

B T
g Params (M) FLOPs (G) mAP50 (%) FPS (fls)
Faster R-CNN 113.4 4124 66.4 32
SSD 24.1 215 75.4 51
YOLOv4 27.6 68.4 79.3 77
YOLOV5s 7 16 79.3 77
YOLOV7 36.5 103.2 79.8 62
YOLOV7-tiny 6 132 77.6 213
YOLOVSs 112 28.6 84.5 256
YOLOv8n 3.1 8.1 83.3 381
YOLOV9s 7.1 26.4 84.4 189
CSDP-L-YOLO 5.64 13.9 79.8 261
YOLOV7-PSS 29 82.9 87.3 67
YOLOVS-FESF 1.8 3.7 84.2 550
Ours (A BIHY) 2.81 7.65 84 396
Ours (50%B5 %) 1.18 3.58 83.8 567
Ours (BYF+7511) 1.18 3.58 85.1 567

M 5 T UL Y, i H b e I R0 45 4 L
B, ZHEMTFERBOR, WA BRI RELR K.
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M YOLOV7 [ &AL 5% YOLOVT-tiny, & &N
6M, THE BN 13.2G, A A RE. ARG RE
. BEEURY 5 2 ) YOLOVSs, 14X H: YOLOvSn &
1.2% MRS, (S AT & #1332 YOLOvSn )
4 1% PRI A SCi 3% YOLOVSn R AU 4 Sy ik i A Y 1 9
WA, BEAEE DT, 7T LRI CSDP-L-YOLO
B A RCR A . 14T YOLOv7-PSS, 7] LR
B mAP50 153 T 87.3%, N 4 it ad, I
VRAERT MRS 7 T AR, HIL SR AT R
ik 29M A1 82.9G, B YOLOvSn 5.iE % il 9 5,

FPS G 67 f/s, & A A B R bx. 55 —Ff
5% YOLOVS-FESF HIZH flit- 2 40h 1.8M Al
3.7G, FEFEILE 84.2%, BRI MERI YA LA WA RO, (|

SN A S 2 i B A E‘Jﬁ?ﬂﬁiﬂ\?ﬁig ’

T 0.62M, it HEEZ T 0.12G, *%}i&x;ﬁnglsw&. %
N\ ]
A

, 5
W el

YOLOv8n

TR, RS R AT, VRS T ORRG B, 1
FeUR 1 . L B B e 5 T S350 T 75, KR
A B TN A R A, O — 5 (R T 5t
37 AHRAAH
3.7.1 K T

T T LN A S B R S 1 4 T
AL, M HULALYE AR 355 F 19 JE B YOLOVS 327k
5 S B R R PRI AT TR L, TP 7
7. JOR 2 K R I AE IR, ) YOLOVSn SLi%
B 02, 4 000 A9 A S e R T R AR
AU T L 31, TS LR 3 B T
SCEAL T o S T DA T SR 1K F 7 7

IR, FLRS RS 1 ) 2 08 R4 YOLOVSn 302,

R T AR 3C S0t Bk e AE ORI B B A 10 R I LA A
e A

Ours

(a) Z HARHARIZ 5

fscallop 0.4

mlm»iﬂj

E allop 0,841

(c) BFRTEARANLLI 5

K7

372 AITEXTLE

T BE— 5 o AR AL IR AR U P B, AR SCAE AR
L EL T 3 UG HEAT #J E AT R AL e 5 o A Y
YOLOv8n FHIZA S B0 J5 I 243 5l A2 B 7 1, Ik

148 B A AR 5% Software TechniquesAlgorithm

AN 25 R L

frorpext b, wlEl 8 prow, e A2 0N IR s IR, A e
NFEMERR, Y G RER. #A) IRI e G Tk B T 4t
S AR B ST IRFAE B X, — BT 5, R A P
B RZ 5 e 1A X3, ot s SRR L s, A T v LR
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R (1 £ (30 . AR SRR P2 AR 1A DX 3 B 4 1) ZAUR 5 ) YOLOV8n AR Y of T EEAG I (R Ak [X 3856
. AR (1 F S X A R, AR A A FO A B, SRR L T v, DRI T DA SE N AR ff A 00 1 A H
PERERLLF. P 8 AT UG H, it 45l . BYA DA PR 5, ST PR DK B2 A B (A e

R s G YOLOvS8n Ours

(a) A1 : . - .

ek (b) X He2

(c) X3
IS HRHCE A\

38 BARREWEAEA I % 4% #58% 128 £ NVIDIA Maxwell %2 Hff)

Dt — P A B SO AR A A TR 2 IR IR A A B GPU A%kl M 4 ARM Cortex A57 ff] CPU R, X
R PERE R I, A SCHE R A I KR Jetson Nano BO1 ﬁ?‘ﬂ"ﬁé}ﬁlﬁﬂﬁgx& {145 PyTorch Al TensorFlow %%,
AT AR 3 R BGAIE SE6, Jetson Nano BO1 42 © [FIBA & T 4 AN USB3.0 410, 1/~ USB 2.0 #1.
NVIDIA 24 A BFR 10— #M AL EEETH %A, L. 14 Micro-B. 1 HDMI fith BA & GPTO £, AL
87 P T 2 50 B Y B .”%“1’?%L¢:biﬂé§<i+ﬁ% B S P ME R . H R E S HUNE 6 Fik.

:
B S =
BRI ﬁfﬁ%%@ﬁu@ 9 FiE. R ——

=S ZH

CPU 641 41% ARM Cortex A57 @ 1.43 GHz

GPU 128#% NVIDIA Maxwell

WAF 4 GB 6441 LPDDR4

B 4xUSB 3.0, USB2.0. Micro-B. GPIO
i H i 1 HDMI

it MicroSD

HRIEZE 6 A 41, Jetson Nano BO1 AN FE{ N 4 GB,
MASCE 3.1 F5H PR F GPU ~F & RTX 4060 & 17
9 Jeston Nano BO1 S E X3 T 8 GB, WAMRAR T HEEHHE S GPU %4

Software TechniquesAlgorithm #1F4 AR 5% 149

@ TEREERIREGSTT  hiip:/iwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

20254F #5344 57

FHCARAEAEA /NI Z R, LA S R AN &
#, Jetson Nano BO1 & /XA 472 FLOPs, ifii FH T4 4!
WZRI) RTX 4060 &~ 5 771515 25500 FLOPs, P %
MUY 54 52 %, IR R 46 YOLOv8n BE7
FN U 5 AR T 45 531 358 28 2] Jetson Nano BO1 & #R
IR TS RN, B K MR B R B A
(9, SEB6 05 SE K SR K H URPC, batchsize B2 N
1, BEERMERRN 0.5, WP fabs EE N CPU T
H FPS, 3 B[ sLi0 25 R ansk 7 Bk,

KT BEHRARBEBE LR

FEEY Params (M) mAP50 (%) FPS (f/s)
YOLOv8n 3.1 82.8% 11
Ours (A BIH%) 2.81 83.6 28
Ours (BY+Z518) 1.18 84.8 58

MSEEG 45 B A PAA H, YOLOv8n 5 AI4E Jetson
Nano BO1 & b K B 16 4 2 18, FPS {9 11 fs,
e L IF 00 PR SIZERF . T A S 0 B A 0 7 o BT
T L RS FPS $ET1 %8 28 ffs, Kl BEAR 8] T B B i
3, (& YR RN ZE M8 5 FPS ik 3 1 58 f/s, ALk
YOLOv8n 15 1 47 /s, 3F Hizw izl  FPS=30 f/s 1
SEEER P v TR 5 T Ak A7 98 R 2 O v o
%,

L5 1R, AR SCHR 1 AR T 7E VR B BRI
NS B4 o LR S LR 3, AR X T K F B bR
R WUAT 25 (10 S22 3R, o Sk 7T LR P 76 — 2K 1%
W B

4 ZipHREE

ARTCEF XS K RN R R T, BT A g, HE LAAE /N

Y4 LB L Bl YOLOVSn SRt biAl, W i
TR E R, S R A L 1 B, i C2f
GSCony i Heok B WS 0 45 1 ) C2F BB, LAY
f52 2 ;LI A BTG4 2% B8 3 MPDIoU 471 i)
PR 2 I i MR B R SR AR U 05,
(RGBS 45 2. S 42, AL T YOLOVSn,
A I VR AE SRR S A AU I,
FE ELBR I T B (0 SRR 0 R, 6 T R AL 7
K. MAER RS BEJ7 T, BSOS (B 1.8% FO3E
T, f He el JURR B, A% SCREAL I Bl B R340 6 B 0
PEIRLRIBI e, A T HE— B 0K F MU AT 5 i Al
B, 4 2k 2 WA MR 2 T AT AR — R R
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ARG R SR, 300 2R FARAR 20 48 7 Ve B e 3
XA HEAT 4, BB R T SR, IFAEK T IR S
e LB LU AT SRS, S8 E VAR AT AT

S3E 30k

1 ARAR, BB KT e UG H AR R OGS AR FE 453
Bot BT R, 2020, 57(6): 060002.

2 Xie XX, Cheng G, Wang JB, et al. Oriented R-CNN for
object detection. Proceedings of the 2021 IEEE/CVF
International Conference on Compt!tef‘. Vision. Montreal:
IEEE, 2021. 3500-3509, g

3 Liu Y, Jing ZB. Power system relay protection based on
Faster R-CNN algorithm. International Journal of
In\fc)rmation Technology and Web Engineering (IJITWE),
2023, 18(1): 1-15.

4 Zhao ZQ, Zheng P, Xu ST, et al. Object detection with deep
learning: A review. IEEE Transactions on Neural Networks
and Learning Systems, 2019, 30(11): 3212-3232. [doi: 10.
1109/TNNLS.2018.2876865]

5 Redmon J, Divvala S, Girshick R, et al. You only look once:
Unified, real-time object detection. Proceedings of the 2016
IEEE Conference on Computer Vision and Pattern
Recognition. Las Vegas: IEEE, 2016. 779-788.

6 Chen LY, Zheng MC, Duan SQ, et al. Underwater target
recognition based on improved YOLOv4 neural network.
Electronics, 2021, 10(14): 1634. [dﬁoi:\I10.3390/electronics
10141634] -

7 AT, 2 It SR T IR R B R B K R

H SR . THEHLIM & §5 41, 2024, 32(9): 86-93. [doi: 10.

16526/j.ci1ki.1 1-4762/tp.2024.09.013]

WL, G, KA. T RELK KT B AR

Sk, T HL LR, 2025, 55(2): 264-270.

9 Li H, Kadav A, Durdanovic I, et al. Pruning filters for
efficient ConvNets. arXiv:1608.08710v3, 2017.

10 Changpinyo S, Sandler M, Zhmoginov A. The power of

oo

sparsity in convolutional neural networks. arXiv:1702.06257,
2017.

11 Wen W, Wu CP, Wang YD, ef al. Learning structured
sparsity in deep neural networks. Proceedings of the 30th
International Conference on Neural Information Processing
Systems. Barcelona: Curran Associates Inc.,2016.2082-2090.

12 Liu Z, Li JG, Shen ZQ, et al. Learning efficient
convolutional networks through network slimming.
Proceedings of the 2017 IEEE International Conference on
Computer Vision. Venice: IEEE, 2017. 2755-2763.

13 Hinton G, Vinyals O, Dean J. Distilling the knowledge in a
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