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Detection of oil drop leakage in pipelines of offshore platforms
based on improved YOLOVS
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Abstract: In response to the challenges encountered in the detection of oil leakage from pipelines on offshore platforms,
such as dust and fog interference, varying target scales, and complex backgrounds, a detection method for oil leakage
from offshore platform pipelines based on an improved YOLOv8 model is herein proposed. Initially, the C2{_MP
module is employed to substitute the C2f module within the backbone network. This substitution effectively enhances
the model’s capacity to extract detailed features. Subsequently, an efficient multi-scale attention mechanism (EMA) is
incorporated into the model’s neck structure. This addition significantly improves the model's focus on features of
multi-scale targets within complex scenarios, thereby enhancing its ability to recognize small targets. Finally, the
original detection head is optimized into four lightweight small target detection heads. This optimization remarkably
improves the detection performance for small targets. Moreover, the WIoU loss function is utilized to boost the
training effectiveness and enhance the model's recognition accuracy. The experimental results indicate that the improved
YOLOv8 model can maintain a real-time detection speed of 118 fps. Simultaneously, compared with the baseline model
YOLOWVSs, the precision is increased by 2.3%, and the mAP@0. 5 is enhanced by 2.4%. The practical application
tests demonstrate that the average accuracy of the improved model in detecting oil leakage from pipelines on a particular
offshore platform reaches 96.25%. This achievement meets the requirements of engineering applications and offers an
effective technical solution for the safety monitoring of offshore platform pipelines under complex industrial
environment backgrounds.

Keywords: improving YOLOVS; pipeline oil leakage; small object detection; multi-scale fusion; occluded objects; EMA
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Fig. 1 Schematic diagram of the architecture of the intelligent video inspection system for offshore platforms
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Table 4 Statistics of oil drip detection results

A MR PRI RO ERR %

14 2 648 2 588 97.73
24 1639 1556 94. 94
34 867 833 96. 08
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(a) Group 1 test results Fig. 12 Oil drip detection results



WA F. AT YOLOvVS #95 £ & %18 ik 8 R A

55 1

LTI Fil 2 B R W] T A AR B it 2 BOR : C2f_MP

B EMA B8 WIoU si% EP_Detect £ 3k L S/ H

Bz 0 Sk 1) 5 0 xk i b SF- 5 48 T T R T ARSI Y m AP @

0.5 7 T 1.7%0.1.6%,1.8%0.1. 7% . il 4l &%

AR il A SEL AR B YOLOVS KR A L T 4k

LM Y OLOv8s o Hoxl it 80 T 45 fiF Fr) 32 HCRE T3 4 21 1

I HEERRT 2. 3% M8 TE, MRS 118 Wi/, BAH

Vo T B LR B TR BT T [ BT BE A5 Wk 2 S Ik Y

SRR T X LB A 45 R KW et YOLOVS B T

R R AR AN R ANy € 5 3 S D 53w = = 1< 8 T

IR 243 SRR A AR W U0 B8R AT o 3L T AL R A 1

B PIAE BEIR 97, 996 5 1 B I 6 A5 0 i I T TR 52

B 2 R L BT et YOL OV 8 ) il 980 37 T AR 91 O i

LT M EOF- 6 8 I R T Y AR ) 0, SF 2 U

N 96.25%,

S % 3Ltk

[1] BAI C, ZHANG K, JIN H, et al. SFFEF-YOLO:
Small object detection network based on fine-grained
feature extraction and fusion for unmanned aerial
images [ J ]. Image and Vision Computing, 2025,
156, 105469.

[2] HONG J, YE K, QIU S. Study on lightweight
strategies for L-YOLO algorithm
detection[ J]. Scientific Reports,2025,15(1):7649.

[3] ZHANG H. LIANG M, WANG Y. YOLO-BS: A
traffic sign detection algorithm based on YOLOvS8[J].
Scientific Reports,2025,15(1):7558.

[4] MA Q. FAN X,CHEN H. et al. IRE-YOLO: Infrared

weak target detection algorithm based on the fusion of

in road object

multi-scale receptive fields and efficient convolution[ ] ].

The Journal of Supercomputing. 2025, 81(4) . 558.
(5] FWREL IO, W H %, 45, 2 Ttk YOLOv7-tiny )

BR BB 3% T G B A I J7 ¥R L)L WU R R A (LA

&) ,2025,59(3) :523-534.

WANG J Y, WEN B, SHEN Y J, et al

defect detection method for aluminum profiles based

Surface

on improved YOLOv7-tiny [J]. Journal of Zhejiang
University ( Engineering and Technology Edition),
2025,59(3):523-534.

(6] kot dedh . m i, 4. & Tk YOLOVS B3k (1 % 48
B/ B ARG LT, B 52025, 24(8) £ 196-200.
ZHANG CH, YOU H, GAO Q, et al
small object detection based on improved YOLOvS8
algorithm[]]. Software Guide,2025,24(8):196-200.

(7] Dl 3K, 2 F Bt YOLOvSs i I8 A ML H P 5 /N

Intensive

(8]

[9]

[10]

[11]

[12]

[13]

[14]

FURRAS I 530 3 [ 1. 22 90 Tooll 2 Be 2 4 - 2025, 32 (1)
82-88.

FANG W, ZHANG Y. Small
algorithm for UAV aerial images based on improved
YOLOvSs [ J ]. Journal
Technology.2025, 32(1) :82-88.

DR S A kP L 2 R T G YOLOVS 94
BAARESYWARFT L] AR FH AR, 2025,
48(11) :174-179.

FENG QSH, FUMY, YAO ZY, et al. Research on
orbital small-scale foreign object invasion algorithm
based on improved YOLOv8[]]. Modern Electronics
Technology, 2025,48(11) :174-179.

Fo UL, BB, B YOLOVS 55 6 20 2% 1
ABLBR B 7 3 [J/OL]. R RSB T8 A, 1-15
[2025-06-06 ]. https://link. cnki. net/urlid/11. 2422.
TN. 20250521. 1742. 009.

CHENG K, LEI H G, LYU ZH X. Improving the
UAV of YOLOvS
network[ J/OL]. Systems Engineering and Electronic
Technology,1-15[2025-06-06]. https://link. cnki. net/
urlid/11. 2422, TN. 20250521. 1742. 009.

VPR I EIGHE L Bl YOLOVSn 87 JF k%
K Sk L), 8L WF S 5 9T &, 2025, 45(5) : 200-206.

MIAO Z H, ZHOU H, WANG Q ZH, et al. Mine
fire detection algorithm for improving YOLOv8n[]].

object detection

of Lanzhou Institute of

tracking method lightweight

Mining Research and Development, 2025, 45 (5).
200-206.

BIEE IR, B g, 5L T i YOLOvVS fE 2
B NS A R S 2 LA B U BE IR LT . T
# A 3h16,2025,51(1):11-20,103.

MAO Q H, SU Y N, HE G F, et al

identification of dangerous

Intelligent
areas of underground
personnel invasion belt conveyor based on improved
YOLOvS8 model [ J]. Journal of Mine Automation,
2025,51(1):11-20,103.

VARGHESE R, SAMBATH M. YOLOvS8: Anovel
object detection algorithm with enhanced performance
and robustness[ CJ. 2024 International Conference on
Advances in Data Engineering and Intelligent
Computing Systems(ADICS). IEEE, 2024 1-6.
CHEN J, KAO S H, HE H,et al. Run, don't walk:
Chasing higher FLOps for faster neural networks[ C]J.
2023 IEEE/CVF Conference on Computer Vision and
Pattern Recognition ( CVPR). Piscataway: IEEE,
2023 12021-12031.

SO R . 3R TG YOLOVI2 i 4R 50 b T 44 i

o s I B2 AR B 5T (). B F U B R, 2026, 49 (1)
« B1 -



519 % B F om % % K
216-225. 2025, 48(24) . 138-147.
JING H CH, BAO CH M. Research on defect — [19] S5, B M, 8L, 5. Bk YOLOVSn (i 41 2 RE
detection technology for aluminum profile workpieces H bR A R, o0 R, 2026,49(1) : 237-246,
based on improved YOLOv12[J]. Electronic Measurement JIA L, CHEN M H, WANG Q, et al. An aerial
Technology, 2026,49(1):216-225. multi-scale object detection model based on improved
[15] SU Q. MU J. Complex scene occluded object YOLOv8n[]J]. Electronic Measurement Technology,
detection with fusion of mixed local channel attention 2026, 49(1) . 237-246.
and multi-detection layer anchor-free optimization[ ] ]. [20] TONG Z, CHEN Y, XU Z, et al. WiseloU:;
Automation, 2024, 5(2): 176-189. bounding box regression loss with dynamic focusing
[16] Zr&ME,PRiHLE. M-S ERMEHE S YOLOVS ) FOD £ mechanism[J]. ArXiv preprint arXiv:2301. 10051, 2023.
WI7 L], i IR . 2026,49(2) :65-78. (210 WA BRBRAS 224k L 45 T ] 2 A= oo O I Pl 1% 1 2 ek
FEI CH G, CHEN SH H. Research on FOD detection Fbr A D0 A 80 [ ], 3 5 8L A 2025, 45 (S2)
method integrating prior masks and YOLOvS8 []]. 270-2717.
Electronic Measurement Technology, 2026, 49 (2): XIE L, GENG J J, LAN Q. et al. Lightweight target
65-78. detection model for parasitic egg microscopic images[]J].
[17] OUYANG D, HE S, ZHANG G, et al. Efficient Computer Applications,2025,45(S2) :270-277.
multi-scale attention module with cross-spatial 1EE®/NT
learning[ C]. 2023 IEEE International Conference on MEM,.S% TR, TEPF5E A N IE s W s
Acoustics, Speech and Signal Processing. Rhodes S ae i i i,
Island, Greece:IEEE, 2023.1-5. E-mail: yangjl4 (@ cnooc. com. cn
(18] ‘B2, Wk, &g Tt YOLOVS BB H LN 25 WSS . E BRI ML SR i E S

B T B B R O s LT ] T R B R, 2025,
48(24) . 138-147.

XU J M, CAO SH, GUAN H Y. A lightweight steel
surface defect detection method based on improved

YOLOv8[]J]. Electronic Measurement Technology,

62 -

H br A i B EE A 2
E-mail: 2098716007 @ qq. com

B s 1% GRAGVEED , B8 LW B, FE M5l R
TR i A2 A BB U T S A I I R

E-mail: gu@cup. edu. cn



